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Unsupervised spectral classification of astronomical X-ray sources 
based on independent component analysis 
 
by 
Bo Mu 
 
Submitted to the Chester F. Carlson Center for Imaging Science of the College of Science 
in partial  fulfillment of the requirements for the Doctor of Philosophy Degree at the 
Rochester Institute of Technology 
 
Abstract 
 
By virtue of the sensitivity of the XMM-Newton and Chandra X-ray telescopes, 
astronomers are capable of probing increasingly faint X-ray sources in the universe. On 
the other hand, we have to face a tremendous amount of X-ray imaging data collected by 
these observatories. We developed an efficient framework to classify astronomical X-ray 
sources through natural grouping of their reduced dimensionality profiles, which can 
faithfully represent the high dimensional spectral information. X-ray imaging spectral 
extraction techniques, which use standard astronomical software (e.g., SAS, FTOOLS 
and CIAO), provide an efficient means to investigate multiple X-ray sources in one or 
more observations at the same time. After applying independent component analysis 
(ICA), the high-dimensional spectra can be expressed by reduced dimensionality profiles 
in an independent space.  
 v
An infrared spectral data set obtained for the stars in the Large Magellanic Cloud, 
observed by the Spitzer Space Telescope Infrared Spectrograph, has been used to test the 
unsupervised classification algorithms. The least classification error is achieved by the 
hierarchical clustering algorithm with the average linkage of the data, in which each 
spectrum is scaled by its maximum amplitude. Then we applied a similar hierarchical 
clustering algorithm based on ICA to a deep XMM-Newton X-ray observation of the 
field of the eruptive young star V1647 Ori. Our classification method establishes that 
V1647 Ori is a spectrally distinct X-ray source in this field. Finally, we classified the X-
ray sources in the central field of a large survey, the Subaru/XMM-Newton deep survey, 
which contains a large population of high-redshift extragalactic sources. A small group of 
sources with maximum spectral peak above 1 keV are easily picked out from the spectral 
data set, and these sources appear to be associated with active galaxies. In general, these 
experiments confirm that our classification framework is an efficient X-ray imaging 
spectral analysis tool that gives astronomers insight into the fundamental physical 
mechanisms responsible for X-ray emission and, furthermore, can be applied to a wide 
range of the electromagnetic spectrum. 
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Chapter 1                             
Introduction 
Up till now more than a half million astronomical X-ray sources have been found 
through X-ray observation facilities. The number of detected X-ray sources is still 
growing fast and it has been predicted to reach ~1,000,000 by 2010.  Such large amounts 
of X-ray data provide great information for us to probe the universe. However, great 
difficulties are also arising for handling with such tremendous data. Exploring interesting 
information from these data is a great challenge for X-ray astronomers.  
Usually, the spectrum taken by spectrometers has high resolution, but it is 
‘expensive’ for X-ray astronomical observation to be acquired—usually one spectrum (or 
a few spectra) for only one source can be obtained in each observation. Collecting the 
spectral data for all sources in the field of view of each observation requires a time-
consuming procedure.  Note that ‘expensive’ is in contrast to low cost imaging spectra. 
By virtue of the instruments in X-ray telescopes, such as glazing mirrors and imagers, we 
can record astronomical X-ray sources with positions, arrival times and photon energies. 
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The X-ray imaging spectral extraction technique enables us to gain the imaging spectra 
for all sources in the field of view of each observation. Despite the lower resolution of the 
imaging spectra, they can provide an immediate insight into the observed sources using 
least observations. For example, they can help to investigate if the interesting target is 
interacting with its neighbors, or how many same types of sources are nearby. 
Traditionally, X-ray source classification is performed on the basis of the hardness 
ratio diagram. Hardness ratio is usually defined as a ratio of counts in two or three 
different wavelength bands in X-ray astronomy. It compresses the X-ray spectrum into a 
few bands by the great sacrifice of the spectral resolution. The classification based on 
hardness ratio thus loses the classification accuracy (see Chapter 7 for details). The 
spectral model fitting method is a common means to identify X-ray sources in X-ray 
astronomy, which has to choose models after visually inspecting each individual 
spectrum. It is an accurate but time-consuming procedure. Furthermore, its classification 
results depend on how much priori knowledge about the sources which the people have 
mastered to choose models.  
Modern multivariate statistical analysis techniques and clustering techniques have 
great advantages in reducing data size, discovering the underlying patterns and grouping 
the data into categories.  Principal Component Analysis (PCA) and Independent 
Component Analysis (ICA) are two important multivariate statistic techniques. Both of 
them are able to faithfully represent higher dimensional spectral data in lower 
dimensional space. Dr. Hojnacki’s thesis work (Hojnacki 2005) presented a successful 
imaging spectral classification of the Orion Nebula Cluster population with Chandra 
observation based on PCA. ICA is even able to separate the observed spectra to nearly 
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independent components, which might be interpretable with physical meanings. 
Clustering, with another name of unsupervised classification, can then discover the 
similarities/dissimilarities between objects and partition them into respective clusters in 
the reduced dimensional space. 
V1647 Ori is a pre-main sequence stars. Recent X-ray observations (Kastner et al. 
2004; Gross et al. 2005) show that it is ~100 times brighter than the previous 
observations. Identifying if this source is unusual in its associated young star cluster and 
searching for if another similar objects nearby it, will help astronomers to understand 
more about the formation of  low-mass young stars. 
Subaru/XMM Deep Survey (SXDS) covers an area of 1.3-squared degree with ~4 x 
105 seconds exposure time. ~1000 X-ray sources have been detected in this region (Udea 
et al. 2006, in prepare). They could be nearby stars, remote galaxy clusters or high-
redshift Active Galaxies Nucleus (AGN). Classifying objects in such a wide field with 
such various X-ray sources is a challenging work but it will be very worthwhile. It will be 
the first probe to apply the X-ray imaging spectral clustering algorithms to a deep survey 
with XMM-Newton observation. Its classification results based on X-ray imaging spectra 
will be of great benefit to understand the evolution of the universe, especially the 
evolution of galaxies. 
The goal of my research is to develop an X-ray imaging spectral clustering 
framework to find the natural groupings of X-ray sources, with a special tuneup for 
XMM-Newton observations. This algorithm has been extended from PCA regime to ICA 
regime. The clustering is unsupervised and model-independent without a priori 
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information about the sources. The source identification and cross correlation with the 
other wavelength bands will also be involved. 
 
In this thesis, Chapter 1 is an overview of X-ray astronomy. Chapter 2 contains a 
technical overview of XMM-Newton X-ray telescope, including configuration and 
instruments. Chapter 3 describes a method for extracting an EPIC imaging spectrum with 
an example. In Chapter 4, we discuss the X-ray imaging spectral clustering algorithms as 
well as the relevant multivariate statistic techniques. Chapter 5 and Chapter 6 present the 
proof of the concepts in Chapter 4.  Chapter 5 is an algorithm application to Spitzer 
infrared spectral data for the purpose of finding the effective algorithm combinations. 
Another important application in the EPIC X-ray imaging spectral with the novel 
multivariate technique, ICA, is illustrated in Chapter 6. In Chapter 7, X-ray imaging 
spectral clustering algorithm is applied to Subaru/XMM Deep Survey for the purpose of 
algorithm test and assessment. Chapter 8 is the conclusion and future work. 
1.1 The History of X-ray Astronomy 
X-rays were discovered by Wilhelm Conrad Röntgen, a German Scientist in 1859. 
He called it ‘X’ because it was unknown before it had been discovered. X-rays actually 
are a form of light or electromagnetic radiation, but have much shorter wavelength and 
much higher energy than the visible light (Figure 1-1). The energy of an X-ray photon is 
about a thousand times greater than that of a photon of visible light so that X-rays are 
greatly absorbed by the dense materials such as bones and metals. The different 
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absorption rates of X-ray in different tissue types such as bones, muscle and fat are the 
basic principle of X-ray medical imaging. 
 
 
Figure 1-1. The relation between the frequency of the light and the temperature of 
an object. (Image courtesy of NASA website) 
 
 
Figure 1-2. X-ray silhouette imaging and astronomical X-rays image. (Credit: 
CXC/M. Weiss) 
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Unlike the X-ray silhouette imaging, astronomical X-rays imaging is used to 
research on the X-ray radiations directly from astronomical sources (Figure 1-2). 
Astronomical X-rays are expected to be emitted from the sources whose material is 
heated to millions degrees resulting in the atoms and electrons with very high energy. 
High magnetic fields, or extreme gravity, or explosive forces usually cause such high 
temperatures.  Such kind of sources could be galactic objects such as young stars, 
supernova remnants and binary stars, or active galaxies which emit X-rays through black 
holes in Active Galactic Nuclei (AGN). 
Since the atmosphere of Earth is thick enough to block X-rays from reaching the 
ground, the X-ray observation instruments have to be moved to high altitude either by 
using balloons and sounding rockets or by satellites. Because balloons can only stay at 
around 30 kilometers height for about 48 hours, the balloon-borne instruments are able to 
detect the radiation only at high energies above 20-25 keV. Compared with balloons, 
sounding rockets can reach 120 kilometer height to detect the lower energy X-rays, but 
they can only hold that height for very short time. Even with these short time X-ray 
observations, X-ray astronomy made a lot of progress.   
The first astronomical X-ray experiments were conducted by Herb Friedman and his 
collaborators for the purpose of detecting the X-rays from Solar corona in 1948 and 1949 
with WWII V2 rocket, although the reason why the corona emits X-rays is still not fully 
understood. The breakthrough experiment was performed in 1962 by Bruno Rossi, 
Riccardo Giacconi and their collaborators to look for the X-ray emissions from Moon. 
They found the first cosmic X-ray source, Scoirpius X-1, in the constellation of Scorpius 
by accident. Riccardo Giacconi received Nobel Prize in physics in 2002 due to this 
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discovery and his contribution to X-ray astronomy. The X-ray emissions from Scoirpius 
X-1 are 1000 times greater than the total emissions from the Sun in all wavelengths, and 
have been identified as compact stars (usually neutron stars or black holes). 
Compared with balloons and sounding rockets, the X-ray instruments in satellites are 
able to collect X-rays in the full spectral range, as long as the instruments are functional 
at the high altitude orbits. For example, the X-ray detection instruments on Vela 5B and 
ROSAT satellite last for over10 years and for almost 9 years, respectively. Since 1970s, 
in virtue of astronomical X-ray satellites, such as Uhuru, Ariel-5, SAS-3, OSO-8, and 
HEAO series, EXOST, Ginga, RXTE, ROSAT and ASCA, X-ray astronomy has made 
rapid and amazing progress. Through the research on the data from these satellites, 
scientists try to understand the nature of X-ray sources and the mechanisms of X-ray 
emissions in depth. Once understanding these mechanisms, we may explain how the 
universe evolves from beginning to end. 
At present, two major X-ray satellites are in use, Chandra and XMM-NEWTON.  
Chandra X-ray observatory (CXO) was launched by NASA on July 23, 1999. XMM-
NEWTON was launched on December 10, 1999 as a milestone of European Space 
Agency’s (ESA) science program. Both Chandra and XMM-NEWTON employ CCDs as 
the X-ray detectors. Chandra uses smaller pixel size thus has the best spatial resolution, 
~0.5" by far, while XMM-NEWTON uses bigger pixel size thus has better sensitivities 
but worse spatial resolution, ~6". In addition, Chandra has the better resolution 
spectroscopy in < 0.5 and > 2.0 keV, while XMM-NEWTON has the better resolution 
spectroscopy from 0.5 to 2.0 keV.   
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At 0.25 keV, the effective collecting area of Chandra is 800 cm2, while at 5 keV the 
effective collecting area is 400 cm2. As a comparison, XMM-Newton comprises three co-
aligned telescopes, each with an effective area of 1500 cm2 at 1 keV, for a total effective 
area of 4500 cm2. The energy range for Chandra is 0.1-10 keV and for XMM-Newton is 
0.1-15 keV. Hence XMM provide about six times the collecting area and a broader 
spectral range in its images than Chandra. A brief comparison between Chandra and 
XMM-Newton is shown in Table 1-1. 
 
Spatial 
resolution 
(arcsec) 
Collecting area Energy range of CCD (keV) 
Spectrometer 
range (keV) 
Field of 
View 
(arcmin) 
Number  of 
glazing 
mirrors 
Chandra ~0.5 
800 cm2  at 
0.25keV, 
400 cm2 at 5keV 
0.1--10 0.2-10 30 4 
XMM-
Newton ~6 
4500 cm2 at 1 
keV 0.1--15 0.5-2.0 30 58 
Table 1-1.  A brief comparison between Chandra telescope and XMM-Newton 
telescope. 
 
Mostly contributed by Chandra and XMM-NEWTON, as of 2006, the total number 
of known X-ray sources has been doubled to ~500,000 since 2000 according to NASA’s 
statistics. If the detected rate of X-ray sources keeps increasing as the past five years, we 
can predict that ~1,000,000 X-ray sources by the year 2010 will be discovered mostly 
through Chandra and XMM-NEWTON observations. 1 This is such a great achievement 
from 1 known source (Sco X-1 besides the Sun) as of 1962, and 59 known sources in 
1970 (all from rocket and balloon observations), ~700 known sources in 1980 (based on 
Uhuru, Ariel-V and HEAO-1 satellite observations), and ~8000 known sources by 1990 
                                                 
1 http://heasarc.gsfc.nasa.gov/docs/heasarc/headates/how_many_xray.html 
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(derived mostly from observations by the Einstein (HEAO-2) and EXOSAT satellites). 
From 1990 to 2000, about 12,000 sources were discovered by ROSAT All-sky Survey.  
1.2 X-ray Optics 
 
Figure 1-3.  Schematic diagram of Wolt-I X-ray telescope. (Image Courtesy of 
Chandra website). 
 
Unlike the traditional optics system in visible and infrared regime, it is difficult to 
design X-ray optics systems because high energy X-rays are easily absorbed by dense 
materials. Moreover, given that a refraction lens is thin enough to let the X-rays pass 
through, the focal length could be extremely long since the refraction index of X-ray is 
slightly less than unity for all materials due to its very short wavelength. It is highly 
impractical for loading such imaging system into the rocket and satellite. 
Grazing incidence optics (Figure 1-3), in which the mirrors are aligned almost 
parallel to the incidence light rays, can scatter X-rays off the mirror surface at a shallow 
angle and then focus X-rays. An efficient optical configuration for X-ray telescope, 
known Wolter-I imaging system, is composed of grazing incidence optics system in a 
form of paraboloid mirrors aligned to hyperboloid mirrors on the same axis. In this 
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system, the incoming X-rays are scattered twice, first off the inner wall of paraboloid 
primary mirrors, and again off the hyperboloid secondary mirrors. The rays can then be 
bent to the focal point in a much shorter focal length than only paraboloid primary mirror 
is present. All the mirrors are nested in a coaxial and cofocal configuration like a barrel 
shape for the purpose of increasing the effect collecting area of telescope.  
1.3 X-ray Detectors 
One of the difficulties of X-ray astronomy is to detect the weak sources against a 
relatively strong background. It is common for collecting only a few hundreds useful X-
ray photons in two day or even longer observations. So the X-ray source detection is a 
photon-by-photon process and X-ray detectors must have a capability to distinguish each 
individual photon, in contrast to those detectors in visible wavelength regime which 
usually accumulate the incoming flux. Therefore, X-ray imaging data are a list of X-ray 
photon events which records each photon arriving time and its energy, besides its position.  
There are many X-ray detectors which have been developed to measure the photon 
position, incidence time, and photon energy. Based on the principles behind the detectors, 
they can be divided into three categories: 
• Photo Multiplier Tube. In each tube, photocathode first converts X-ray 
photon into an electron and this electron knocks down more electrons from 
the inside wall of this tube. These excited electrons will produce an electron 
pulse at the far end of detector. The amplitude of electron pulse depends on 
the incoming X-ray photon energy. Currently the tubes have been replaced by 
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“Micro Channel Plates” (MCP). One of its applications is High Resolution 
Imager (HRI) of ROSAT. 
• Charge-Coupled Device (CCD). CCD transforms the each incidence X-ray 
photon to the charge(s) which is/are subsequently collected and converted to 
the corresponding electrical voltage/current. Because CCD has such good 
spatial and spectral resolution, they are popular scientific detectors and have 
been applied to most of the modern X-ray telescopes, such as Chandra and 
XMM-Newton. 
• Calorimeter/Bolometer. They can convert the X-ray photon energy to heat 
and its temperature indicates the photon energy level. Calorimeter/Bolometer 
has to be kept in very cold environment so as to obtain the accurate 
measurements. ASTRO-E2 uses such type of detectors. 
 
1.4 Origins of X-ray 
Like most electromagnetic radiations, X-rays are generated either by electrons 
changing energy levels within an atom, or by the interactions from free electrons. 
In the first case, when an excited electron returns to the ground state within an atom, 
a photon is emitted with the energy as the energy difference between the excited state and 
ground state.  Because the energy levels are quantized, the emitted photon can have only 
certain energy and the corresponding wavelength can be calculated by the Equation 1-1.  
We refer to such specific wavelength as ‘spectral line’. Since there may be many energy 
shells in some atoms, there should be numerous possible energy differences between the 
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initial and final energy levels. As a consequence, there could be not only a single line 
shown in its emission spectrum. 
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In the second case, X-rays may be produced due to the three kinds of motions of free 
electron, that is, the electron is not bound to an atom.  
• ‘Bremsstrahlung’ (braking radiation): free electrons are accelerated when 
they are deflected by a Coulomb collision with other electrons, or with ions 
and nuclei, and thereby emit photons (Figure 1-4(a)). The photon energy 
approximately equals to energy lost during the collisions.  
‘Thermal bremsstrahlung’ refers to the emission occurs due to the random 
thermal motions of free electrons in high temperature. The free-free emission 
from hot gas usually is ‘thermal bremsstrahlung’ and has a characteristic 
continuous spectrum. It can be written as (Karzas & Latter, 1961): 
    )second cmerg(   1042.1 -1-325.027 ⋅⋅×= −− Biefreefree gZnnTε        (1-2)                             
Where 1.42x10-27 is a physical constant derived from the integration over the 
power per unit area per unit frequency; T is the x-ray temperature in Kelvin; 
ne and ni are electron and ion densities; Z is the atomic number; gB is the 
frequency averaged Gaunt factor. Temperature T is determined by X-ray 
spectral cut-off frequency,  
kTh =ν                                                        (1-3) 
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Where h is Planck’s constant; k is Boltzmann's constant; ν is the frequency of 
the emitted radiation. 
The X-ray emission spectrum from hot and diffuse gas with individual line 
emissions can be described using Raymond and Smith model (Raymond 
&Smith, 1977). The temperature is determined by the spectral model fitting 
using Equation 1-3.   
• Synchrotron radiation: free electrons are accelerated as they spiral around a 
magnetic field and radiate photons with a characteristic energy which is 
related to the radius of the spiral circle (Figure 1-4(b)). The driving force of 
electrons is perpendicular to the direction of the magnetic field and parallel to 
the direction of the electron’s velocity. A typical synchrotron spectrum has a 
power-law shape, which can be modeled as 
α−= KEEP )(                                                       (1-4) 
Where K is the normalized factor at 1 keV with the unit as (photons·keV-
1·cm-2·second-1); E is X-ray energy; α is the photon index of power law. 
• Compton scattering. Unlike the above cases, this process does not produce 
the new photons. The incidence photons are scattered from lower to higher 
energy (or vice versa) when they are interacted with electrons with higher (or 
lower) energy. X-rays are generated when low energy photons are scattered 
by the relativistic electrons.2 
                                                 
2 http://imagine.gsfc.nasa.gov/docs/science/how_l2/xray_generation_el.html 
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(a) 
 
(b) 
Figure 1-4. Two schematic illustrations of X-ray photon generation. (a). 
Bremsstrahlung. (b) Synchrotron radiation. (Image courtesy of NASA website) 
 
1.5 Astronomical X-ray Sources 
There are many astronomical objects in our Universe emit X-rays. The Sun is an X-
ray source. Theoretically, the Sun should not emit strong X-rays because its surface 
temperature (~6000 Kelvin) is not higher enough. Recent study shows that solar X-rays, 
in fact, come from the corona but how they are generated is still under investigation. 
Some other objects in solar system also ‘emit’ X-rays, for example, the Moon. However, 
the X-ray emissions from the Moon are backscattering the solar X-rays. (Schmitt et al. 
1991)  
The collapsed compact objects, such as white dwarf, neutron star, or a black hole, are 
major galactic X-ray sources. For example, the center of Supernova Remnant, which is 
leftover after the explosion of a star, is a rapidly rotating neutron star that emits pulses of 
X-ray radiations. The continuum in Supernova Remnant’s X-ray spectrum is often from 
the plasma surrounding the neutron star. X-ray observations have found some Supernova 
Remnants in the nearest neighbor galaxies, especially in the Large Magellanic Cloud 
(LMC). 
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It has been believed that these galactic compact objects produce X-rays through the 
accretion process, which creates a disk of falling materials which spirals down toward the 
surface of the compact star. During accretion process, the gravitational energy is 
converted to heat and then the falling materials achieve very high temperatures, which 
results in X-ray radiations. Nonetheless, there are different detailed manners for different 
types of compact objects to produce X-rays. Rotating neutron stars are often X-ray 
pulsars. White dwarfs and black holes usually appear to varied x-ray intensity on time 
scales. 
Extragalactic X-rays are emitted either from galaxy clusters or galaxies with active 
nuclei. Similar to compact galactic object, the accretion process in active nuclei galaxies 
generates X-rays. Matters lose gravitational energy and convert to heat to radiate X-ray 
emissions when they are falling into super massive black holes. Galaxy clusters often 
comprise of hundreds to thousands individual galaxies which are bounded by gravitation. 
It has been found that the intermedium between galaxies in galaxy clusters is filled by hot 
gas, which emits X-rays  
1.6 The Future of X-ray Astronomy 
Constellation-X is the next generation X-ray telescope of NASA which will provide 
higher resolution and sensitivity spatial imaging and spectroscopy. With this telescope, 
scientists are able to investigate the strong gravity and evolution of black holes, the 
formation of galaxy, the large scale structure in the Universe, the recycling of matter and 
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energy, and the nature of dark matter and dark energy.3  It will consist of 4 satellites 
working in unison to create the observing power equivalent to a giant telescope. Even 
though one satellite fails, the others can still work right--make the whole system robust. 
Figure 1-5 is the current configuration of Constellation-X. Each satellite carries three 
hard X-ray telescopes and one spectroscopy telescope. In the spectroscopy telescope, a 
reflection grating spectrometer and an X-ray micro-calorimeter system share one set of 
grating assembly. Constellation-X telescope will be 100 times sensitive than XMM-
Newton/Chandra and thus can provide scientist a powerful tool to investigate more faint 
sources. 
 
Figure 1-5. Current configuration of Constellation-X. (Courtesy of NASA website) 
 
The X-ray Evolving Universe Spectrometer (XEUS) will be the next generation X-
ray telescope of ESA, following the XMM-Newton. XEUS will also be 100 times 
sensitive than XMM-Newton.  Its scientific goal is similar as Constellation-X. 
                                                 
3 http://constellation.gsfc.nasa.gov/index.html 
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XMM-Newton Observatory 
X-ray Multi-Mirror (XMM) satellite currently is the most powerful and largest 
science telescope launched by ESA, which is used for studying the astronomical X-ray 
sources like young stars, black holes and formation galaxies, etc. This mission has been 
named as XMM-NEWTON since Feb. 9, 2000 to commemorate Sir Issac Newton for his 
great invention of spectroscopy and contribution to the gravity theory.  
The highly elliptical orbit of XMM-Newton has an Apogee of 114,000 km and a 
Perigee of 7,000 km around the earth, at an inclination of 40 degrees to the Equator 
(Figure 2-1). The Perigee of an orbit is the closest distance from the Earth, while the 
Apogee is the greatest distance from it. The period of XMM-Newton is 48 hours, of 
which 40 hours are dedicated to the scientific observation (Barre et al. 1999). The other 8 
hours can not contribute to observation because XMM-Newton is orbiting in the Van 
Allen Radiation Belt, which is a torus filled by energetic charged particles extending to 
an altitude of 40,000 km above the surface of the Earth.  
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Figure 2-1. Operational orbit of XMM-Newton. (Credit: ESTEC/H.  Barre) 
 
Figure 2-2. XMM-NEWTON configuration.  (Image courtesy of ESA website) 
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2.1 Mirrors of XMM-Newton 
 
 
Figure 2-3.  Light path of an EPIC camera with its primary focus (top). Two EPIC 
cameras have reflection gratings in the optical path (bottom). (Image from XMM-
Newton Users’ Handbook). 
 
XMM-Newton carries three advanced telescopes (see Figure 2-2). Each consists of 
58 Wolter-I grazing-incidence mirrors which are nested in a coaxial and cofocal 
configuration (Figure 2-3). The larger effective area of XMM-Newton results from a very 
shallow grazing-incidence angle (30') of the mirror which increases sufficient reflectivity 
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at high energies.  Its focal length is 7.5 meters and its diameter of the largest mirror is 70 
cm. Two telescopes with MOS instruments carry Reflection Grating Arrays (RGA).4 
2.2 Scientific Instruments 
There are three types of scientific instruments installed in XMM-NEWTON.  
• European Photon Imaging Camera (EPIC). EPICs uses three Charge 
Coupled Device (CCD) focal arrays and each of them is located at the 
prime focus of each telescope (Figure 2-3). Two of them are Metal Oxide 
Semiconductor (MOS) CCD arrays and referred as MOS camera, 
developed by Leicester University and English Electric Valve Company. 
The MOS cameras share the reflection gratings with Reflection Grating 
Spectrometers (RGS).  The bottom panel in Figure 2-3 shows the grating 
diverts around 40% of incident X-rays towards the RGS. Thus, only 50%-
60% of incident X-ray flux arrives at each MOS camera. The third EPIC is 
using pn-junction (PN) CCD array developed by Max Planck Institute for 
Extraterrestrial Physics, in which there is no grating in its light path. As a 
consequence, PN camera has higher sensitivity than MOS camera when 
the same exposure time is applied.  
• Reflection Grating Spectrometer (RGS). A reflection grating comprises of 
an array with equally spaced narrow reflecting grooves (~600 grooves per 
mm). The interference between the X-rays reflected from the top and the 
                                                 
4 http://sci.esa.int/science-e/www/object/index.cfm?fobjectid=31318 
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valley of the grooves forms a ‘spectral image’ which is a function of 
incident X-ray photon’s energy.  The X-ray ‘spectral image’ is then 
focused on the RGS array, which is geometrically side-by-side to the EPIC 
camera in each MOS camera. Each RGS array is assembled in a form of a 
strip of nine back-illuminated MOS CCDs. These back-illuminated CCDs 
can precisely register the location and the energy of an incident X-ray 
photon. The detectors are operated at -80°C ~-120 °C in order to reduce 
thermal noise and dark current.  
• Optical/UV Monitor (OM). This instrument is used to observe the same 
region simultaneously as the X-ray telescopes, but in the band from 
170nm to 550nm. OM is a 30 cm Ritchey-Chretien telescope with an F 
number of 12.7. Hence its squared Field of View (FOV) is 17'.  There are 
two filter wheels on board with 11 apertures: one blanked off, six broad 
band filters (U, B, V, UVW1, UVM2 and UVW2), one white, one 
magnifier and two prisms (UV and optical). Two MCP intensified CCDs, 
in each of which there are 384 x 288 physicals pixels (active area 256 x 
256), are mounted on the focal plane. However, the final image format is 
2048 x 2048 pixels because the collected events are re-sampled with 1/8 
physical pixels. 
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2.3  EPIC Detectors 
2.3.1  PN Detector  
The PN detector is a back-illuminated silicon CCD. When the X-ray photons 
impinge on CCD surface from the back side, electron-hole pairs are generated and the 
number of electron-hole pairs is proportional to the energy of incidence X-ray photons. 
The average photon energy required to produce an electron-hole pair is 3.7 eV at -90 °C. 
When a voltage is applied to the electrodes, the strong electric potential ‘sweeps’ out the 
electron-hole pairs to the corresponding electrodes to generate signal charges before they 
are recombined. These signal charges (electrons) are stored in the potential wells which 
are ~10µ below the surface. Upon the readout command, these charges are transferred 
into the readout registers and then to readout circuitry. 
In virtue of the advantages of back-illuminated CCD array, the X-ray detection 
efficiency of PN camera is pretty high and homogeneous (over 90% from 0.5 to 10 keV). 
Its typical readout time is 80 ms/frame and can be achieved to 40 ms for particular 
requirement. PN detector consists of four individual quadrants operated in parallel 
(Figure 2-4). Each quadrant comprises three PN CCDs with a format of 200 x 64 pixels 
(Struder et al. 2001).  The whole imaging area is 6 x 6 cm covering 97% FOV, and the 
pixel size is 150 x 150 µ corresponding to ~4.1". The -90 °C operating temperature 
reduces the thermal generated dark current to less than 0.1 e- per pixel and per readout 
cycle of 73 ms. 
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Figure 2-4. Chip geometry of PN detector.  (Top image courtesy of ESA website; 
Bottom figure credit to Struder et al. 2001). 
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2.3.2 MOS Detectors 
The MOS CCD is a three-phase front-illuminated frame transfer device with Metal-
Oxide-Semiconductor structure. It collects X-ray photons with an energy range from 0.2 
keV to 10 keV. Usually, the energy response for a conventional front illuminated CCD is 
poor below ~0.7 keV due to the absorption and reflection by electrodes. To reduce the 
energy absorption in soft band, a hole is etched through the largest electrode which is 
used to collect photons in each pixel. These holes improve the transmission efficiency for 
very soft X-ray photons. In addition, a "pinning implant" is applied beneath the etched 
areas to reduce the substrate potential as the barrier phase. 
 
 
 
Figure 2-5. Chip geometry of MOS detectors. (Image courtesy of ESA website) 
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Figure 2-6. Layouts of MOS-1 and MOS-2 detectors. (Image courtesy of ESA 
website) 
In each MOS camera, seven front-illuminated CCDs are placed on the focal plane. 
The central CCD is at the focal point on the optical axis of the telescope while the outer 
six CCDs are stepped towards the mirror by 4.5 mm to compensate approximately the 
focal plane curvature, so as to improve the focus for off-axis sources (Turner et al. 2001). 
Figure 2-5 shows that each CCD is butted on three sides and stepped by ~1 mm to 
overlap by 300 µ with the others.  The sensing area of each CCD is ~2.5 x 2.5 cm. Then 
seven CCDs cover an area of 6.2 cm in diameter, equivalent to 28.4'. The imaging section 
has 600 x 600 squared pixels and the pixel size is 40 µ, covering 1.1" x 1.1", that is, 15 
pixels approximately cover HEW (Half Energy Width) of the mirror PSF, which is 
around 15" (Table 2-1). There are two readout registers on each CCD but they are 
connected to one readout node. The full CCD image can be read out using either register, 
or read out using both simultaneously, to reduce the readout time in half. These two MOS 
cameras are orthogonally disposed for compensating the 300 µ gaps between CCDs in 
each camera (Figure 2-6). 
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2.4 EPIC Characterization 
2.4.1 Point Spread Function (PSF) 
The PSF of an imaging system is the irradiance distribution of a point light source on 
the sensor plane. It is a critical factor to determine the image quality of an imaging 
system. Due to the mirror aberration, the on-axis PSF has different shape and size from 
the off-axis PSF. Usually, the off-axis PSF is broader than the on-axis PSF and its size 
depends on the off-axis angle. In addition, PSF also is a function of energy/wavelength 
and its size should be varied with different energies. For EPIC, PSF is more energy 
dependent above 4 keV than below 4 keV. 
• On-axis PSF. Figure 2-7 shows, from left to right, the on-axis PSF shapes 
of MOS-1, MOS-2 and PN camera using the same point source. The radial 
structure is caused by the spiders holding the mirror shells. The on-axis 
PSF of MOS was obtained in Small Window Mode while that of PN was 
obtained in Large Window mode. We can discern that the pixels in PN on-
axis image but not in MOS images because the pixel size is 1.1" for MOS 
detector but 4.1" for PN detector. The images are 110" wide and a square 
root scale has been used to enhance visualizing the wings of PSF. The PSF 
shape of each camera is slightly different from each other. MOS-2 camera 
has a bit triangular shape and the reason is still unknown. Figure 2-8 
shows the on-axis PSF profile of MOS-1 and a best curve-fitting by a 
King function. The collected counts in Figure 2-8 have energy range from 
0.75 to 2.25 keV. Table 2-1 shows on-axis PSF size for each EPIC. Figure 
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2-9 shows the fractional encircled energy of MOS-1 (left) and PN (right) 
as a function of on-axial angular radius at 1.5, 5.0 and 9.0 keV with the 
current calibration file (CCF). The fractional encircled energy for on-axial 
point source increases with increasing photon energy, which indicates that 
inner shells of glazing mirror apparently focus the high energy photons 
better than the low energy photons.  
 
Figure 2-7. On-axis PSF shapes of MOS-1 (left), MOS-2 (middle) and PN (right) 
camera. (Image courtesy of ESA, XMM-Newton Users’ Handbook ) 
 
Figure 2-8. The profile of MOS-1 on-axis PSF with a King function fitting. (Figure 
from XMM-Newton Users’ Handbook) 
XMM-Newton Observatory 28
 
 
Figure 2-9. The fraction encircled energy for MOS-1 (left) and PN (right). The 
fraction encircled energy for both cameras is a function of on-axial angular radius 
at 1.5, 5.0 and 9.0 keV. (Figure from XMM-Newton Users’ Handbook) 
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• Off-axis PSF. Figure 2-10 shows that the PSF of EPICs mainly depends 
on the source off-axis angle within FOV, the distance from the optical axis, 
and slightly depends on the source azimuth within FOV as well. The 
image in Figure 2-10 is a square–root scaled mosaic image with MOS-1, 
MOS-2 and PN, which is smoothed by a Gaussian filter with 10" FWHM 
(Full Width at Half Maximum).   
 MOS-1 MOS-2 PN 
FWHM (") 6.0 4.5 6.6 
HEW (") 12.8 13.6 15.1 
Table 2-1. On-axis PSF size. Note: FWHM is a term of Full Width at Half 
Maximum; HEW is a term of Half Energy width. 
 
Figure 2-10. The X-ray PSF shape dependent on the position in the field of view. 
The picture is from the observation of Orion Molecular Clouds. (Image courtesy of 
ESA website) 
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Figure 2-11. The relationship between the extraction radius corresponding to 90% 
encircled energy and the off-axis angle at 1.5, 5.0 and 9.0 kev. Left: MOS-1 camera. 
Right: PN camera. (Figure from XMM-Newton Users’ Handbook) 
 
Figure 2-11 shows that the extraction radius corresponding to the certain encircled 
energy is a function of off-axis angle. Assuming that 5' is largest extraction radius for 
100% encircled energy, the circle radius in Figure 2-11 is corresponding to 90% energy 
inside a circle. As the off-axis angle increases, the incoming photons are not longer 
restrained in the inner shell of mirrors. Usually, the high energy photons are scattered 
more severely than the low energy photons. Hence the PSF size at high energy increases 
faster than that at low energy. 
2.4.2 Quantum Efficiency (QE) 
QE is one of the important factors to determine the effective area of EPIC 
instruments. It is the probability of the incoming photon is actually sensed by the detector. 
Unlike each photon produces only one electron-hole pair in the visible and infrared band, 
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a single X-ray photon can create hundred to thousand electron-hole pairs. The number of 
electron-hole pairs is determined by the incoming X-ray photons energy and shown in 
Equation 2-1. 
where  is the photon energy; 
 is the number of photoelectrons;
 is the average energy to produce photoelectrons.
For Silicon, 3.65 ev
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A free electron with the energy Ee = E - Eb is released when an X-ray photon is 
absorbed by silicon, where E = hν is the energy of the X-ray photon and Eb is the energy 
to bind the electron to the atom. Typically, Eb =1.78 eV.  This free electron collides with 
the orbit electrons when it moves around the silicon lattice. The average energy to 
produce the single e-h pairs is 3.65 eV. (Howell 2000). Because a small uncertainty of the 
energy carried by free electrons is transferred into the crystal lattice, a small statistical 
variation in electron-hole pairs created by the free electron is generated as well. This 
uncertainty, referred as ‘Fano’ factor (Fano 1947),   results in the variance in a format of 
FWHM energy as 
0.5var( ) 2.355 ( )
3.65
 var( ) is the FWHM energy variance;
F is Fano factor and usually equal to 0.1 for silicon;
 is photon energy in eV. 
photon
photon
F E
E
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⋅= ⋅
                  (2-3)  
The 280 µm fully depleted PN CCD improves the high energy response of QE as 
shown in the left panel of Figure 2-12. The drop of QE curve at the softest energy band is 
due to the silicon L-edge. The small leap at 0.528 keV is produced by the absorption of 
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SiO2 coating on the detector surface. Silicon K-edge absorption at 1.838 keV is enlarged 
and shown in the inset of Figure 2-12. In the high energy band, the measured data are 
nicely fitted by a solid line modeled with 298 µm depletion thickness. The QE should be 
consistent during the XMM-Newton lifetime under normal conditions.  
 
Figure 2-12. QE of EPIC instruments. Left: PN camera (Struder et al. 2001); Right: 
MOS camera (Turner et al. 2001). 
 
The right panel of Figure 2-12 shows that the QE of one MOS CCD without filters.  
It is a smooth function but the silicon and oxygen absorption edges. When filters are 
applied, the carbon and aluminum edges appear in QE curve for the thin and medium 
filter, and tin edges appear for the thick filter. Unlike QE curve of PN CCD, QE of MOS 
CCDs drops fast in the high energy band. Besides, QE curves of two MOS CCDs are 
slightly different in the very low energy band. 
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2.4.3 Filters and Effective Area 
Effective area is a function of energy/wavelength which demonstrates the telescope 
ability to collect the photons at different energies/wavelengths. Mirror collection area, 
vignetting, filter transmissions and CCD QE are major factors influencing the effective 
area. Figure 2-13 shows the net effective area of EPIC and RGS in the full frame mode 
and thin filter applied.  We can see that XMM-Newton is sensitive between 0.1 and 10 
keV and the maximum effective area occurs at ~1.5 keV. The prominent drop is at 2 keV, 
corresponding to the Au M absorption edge.  
 
Figure 2-13. The net effective area of EPIC (full frame mode and thin filter) and 
RGS in linear scale. (Figure from XMM-Newton Users’ Handbook) 
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Figure 2-14. The corresponding effective areas of MOS (top) and PN (bottom) 
camera for each optical filter. (Figure from XMM-Newton Users’ Handbook). 
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Optical filters are applied to EPIC telescopes to block those photons in the other 
wavelength band, such as visible and infrared photons. In each EPIC camera, there are 
four self-supporting filters: two thin filters, one medium filter and one thick filter.  The 
aperture size of each filter is 76 mm in diameter. In the remaining two positions on the 
filter wheel, one is keep closed to protect the CCDs from soft protons in orbit or for the 
calibration purpose, and the other is keep opening to observe the very faint sources in the 
case that no filters should be required. 
Figure 2-14 shows that the effects to effective area for each optical filter. The 
effective area of PN camera is larger than that of MOS camera, especially in soft energy 
band, when using the same optical filter. 
2.5 Photon Pile-up 
Photon pile-up is a CCD artifact when more than one X-ray photon falls on one pixel 
or on adjacent pixels before the image is read out. In this case, two or more ‘soft’ X-ray 
photons could be recognized as a false ‘hard’ X-ray photon. Thus a wrong spectrum 
could be generated.  
Photon pile-up also affects the PSF of EPIC. As many photons arrive at the core of 
PSF within one readout frame, multi-pixel photon patterns can be formed. For the MOS 
camera, these pile-up patterns are then rejected by the onboard event reconstruction 
software, which is supposed to suppress spurious events, such as cosmic rays. In the 
worst case, it results in a PSF with an artificial ‘hole’ at its centre, as shown in Figure 
2-15.  
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Figure 2-15. Photon pile-up in one in-orbit observation with MOS camera. The 
panels are arranged clockwise with the count rate increasing. Upper left: the lowest 
count rate. Lower left: the highest count rate. (Figure from XMM-Newton Users’ 
Handbook). 
 
2.6 Out-of-Time Events (OoT) 
The events that are registered during the readout time are called OoT events. Such 
events are registered at wrong positions and then obtained the wrong Charge Transfer 
Inefficiency (CTI) corrections. CTI is the imperfect transfer efficiency of charges as it is 
transported through the CCD to the output amplifiers during the image readout. Figure 
2-16 shows that the OoT effects on image and spectrum. The right panel illustrates that  
the effect of OoT events makes the spectral features wider than they should actually be.  
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Figure 2-16. OoT effect on image (left) and spectrum (right). Left: PN image with 2-
10 keV in full-frame mode. Right: a source spectrum with OoT. The black line is the 
spectrum contaminated by OoT, while the red line is the actual spectrum. (Figure 
from User’s Guide to the XMM Science Analysis System). 
 
2.7 Detector Background 
There are two types of detector background: Cosmic X-ray Background (CXB) and 
instrumental background. The instrument background comprises detector noise 
background and particle-induced background .The soft energy band (i.e. below 200 eV) 
is affected by the detector noise background. Particle-induced background, which comes 
from the particle interaction with the components surrounding the detectors and the 
detectors themselves, leads to a flat spectrum and has more impacts on high energies (i.e. 
above a few keV). An external ‘flaring’, like soft protons whose energy is less than 100 
keV, also is one source of the particle-induced background.  Figure 2-17 shows the 
effects of soft proton flares. The left panel shows the noise background within FOV is 
much larger than the outside of FOV in MOS-2 image. The right panel shows the strong 
and varied soft-proton flares in one of MOS-1 observations after 40 ksec. 
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Figure 2-17. The effect of soft proton flares. Left: a MOS-2 image heavily affected 
by soft proton flares. Right: a MOS-1lightcurve is heavily contaminated by soft 
proton flares. (Image courtesy of XMM-Newton Users’ Handbook ). 
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Chapter 3                                            
XMM-Newton EPIC Data Analysis 
Unlike imaging in the visible or the other low energy bands, X-ray imaging with 
CCDs can record each X-ray photon in several ways: its position, arrival time and energy 
because X-ray events happen much less often, that is, X-ray events follow Poisson 
distribution. Thus, it can provide not only an image, like optical image, but also an 
interesting capability to produce spectra and lightcurves from the image (event table).  
The X-ray imaging spectrum is a histogram of energy and the X-ray lightcurve is a 
histogram of time from the interesting image region. In contrast with that the high 
resolution spectrum can be only produced for one object by spectrometer in each 
observation, the low resolution spectra from the X-ray image can be generated for many 
objects as long as they lie in the FOV of telescope. Benefited from these low cost 
imaging spectra, plus lightcurves, scientists can extend their view on all the sources in 
one observation, not limited to only the target. It may give scientists a clue to better 
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understand the target through the research on the interactions between the target and its 
neighbors.  
The XMM-Newton observation data are provided in two groups, the Observation 
Data Files (ODF) files and the PPS files generated by Pipeline Processing Subsystem 
(PPS), from the XMM-Newton Science Achieves (XSA). The ODF data contain all of the 
necessary observation data for reprocessing. The PPS data contain the calibrated photon 
event files and the source lists which are produced with default parameters. If the PPS 
data can not match the specific requirement, reprocessing the ODF data by using Science 
Analysis System (SAS) is required. The following sections will introduce the procedures 
to create the EPIC imaging spectrum and lightcurve with a real example using SAS 
v6.1.0.  
3.1 Data 
3C303.1 is a young radio galaxy, located at Right Ascension (RA): 14:43:14.8, 
Declination (DEC): 77:07:28. The previous observations in Radio, IR, Optical (Odea et al. 
2002) and UV (Labiano et al. 2005 &2006) band have already been completed and are  
consistent with the hypothesis  that 3C303.1 interacts with the gas and shocks the gas in 
its environment and triggers star formation. X-ray observation may also provide such 
proof in the high energy band for the interaction of the radio source with its environment.  
3C303.1 was observed with XMM-Newton for about 40 ks on August 18, 2003.  
Three EPIC cameras, MOS-1, MOS-2 and PN, were operated with medium optical 
blocking filters in “Prime Full Window” mode, which covers the full field-of-view (FOV) 
of 30' diameter. The PN image from XMM-Newton is shown in the left panel of Figure 
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3-1. As a comparison, the Optical image from the STSCI digital sky survey is also shown 
in the right panel of Figure 3-1. 
3.2 Preprocessing 
Once the observation data files of 3C303.1 have been obtained through XSA, a 
careful inspection to the data files, current calibration files and pipeline products has to 
be performed. The format of ODF names for 3C303.1 is like: 
0676_0145240101_PNS00301IME.FIT 
 where 
¾ 0676: revolution number 
¾ 0145240101: observation number 
¾ PN: detector ID (M1 - MOS1, M2 - MOS2, PN - pn) 
¾ S: S for scheduled, U for unscheduled observations, or X for general 
use files. 
¾ 003: exposure number within the observation 
¾ 01: CCD numbers 
¾ IME: data identifier (see SAS user guide for details) 
¾ FIT: file format (i.e., FITS - FIT, ASCII - ASC) 
 
Before the data processing, the environment variables should be disposed in Unix or 
Linux enviroment5. First, three environment variables should be set to indicate the path to 
                                                 
5 Note: the operation system for data analysis of EPIC data is Unix for this thesis work. 
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ODF and CCF of 3C303.1, as well as the SAS package. Second, the Calibration Index 
File (CIF) must be established using the SAS task cifbuilder and then be linked to the 
environment variable SAS_CCF. SAS task cifbuilder selects the default calibration files 
based on the observation start date reported by ODF Acess Layer (OAL). Third, The SAS 
task odfingest creates the new ODF summary file with data extracted from the instrument 
housekeeping data files and the calibration database. Then this ODF summary file is 
required for further processing and is linked to the environment variable SAS_ODF. 
 
Figure 3-1. 3C 303.1 Left: XMM PN of 3C303.1. A circle of 15" radius is shown 
around the source. Right: Optical image from the STScI digitized sky survey. A 
circle of 10" radius is shown around the source. 
 
After the CCFs have been updated, it is essential to run epchain and emchain to 
create the new calibrated pipeline products of 3C303.1. Task epchain processes the 
observation data from PN instruments, while emchain processes the data from both MOS 
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instruments.  Despite of some differences existing in implementing epchain and emchain, 
the most procedures between them are similar as following steps. (See XMM-Newton 
User’s guide for more details) 
• Analyze the frame information (auxiliary file) for one CCD/node within 
one or more exposures; add the quality flag, the dead time fraction, and 
the exposure time to the file; perform tests and compute the specific Good 
Time Intervals (GTI). 
• Find ‘bad’ pixels and record their position information. Flag them in the 
main event list. 
• Implement pattern analysis, gain and CTI correction, recombination and 
conversion from raw into detector coordinates. 
• Transform the detector coordinates of X-ray events to sky coordinates 
• Assign the energies and qualities to the event lists. 
• Merge all CCD event files together to form a final event file.  
3.3 EPIC Point-Source Spectral Extraction 
3.3.1 Pattern Selection 
3.3.1.1 EPIC MOS 
A real-time pattern recognition module for MOS cameras is on-board to reject 
cosmic–rays event and transmit only X-ray events to ground. In this module, the 
enhanced images are obtained by convolving the flat filed images with a 5x5 
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enhancement mask. Then only the events above threshold in the enhanced images are 
recognized as the real X-ray events to form the predefined patterns. 
For imaging mode, there are 32 predefined patterns shown in Figure 3-3. All these 
patterns are isolated, that is, the center pixels are around by the others below the 
threshold. In these 32 patterns, patterns 0-12 have been identified to correspond to the 
valid soft X-ray photon events with the most accurate energy resolution, which is well 
calibrated. Usually, patterns 0-12 are the best choice to balance the detection efficiency 
and spectral resolution. The other patterns are related to the signature of photon pile-up 
and the residuals of cosmic-rays. 
Additionally, for MOS event filtering, the selection keywords (#XMMEA_EM) 
should be added to the filter for further removing the artifacts from the calibrated and 
concatenated dataset. In case of timing mode, pattern 0 must be set for the conservative 
timing analysis. 
3.3.1.2 EPIC PN  
Each PN CCD has a format of 64x200 pixels, in which the first 12 rows are not 
transmitted to the ground and are set to ‘bad’ flags when CCD readout is in full frame or 
extend full frame mode. Unlike MOS camera, all PN events except those flagged ‘bad’ 
are transmitted to ground for further analysis. An off-line module for pattern recognition 
and recombination is performed by SAS task epevents. 
There are 13 predefined patterns for PN events, in which number 0, 1-4, 5-8 and 9-
12 correspond to single, double, triple and quadruple event pattern, respectively (Figure 
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3-3). Usually, single and double patterns could be chosen for imaging and timing analysis 
of PN events. 
For PN event analysis, the selection keyword (#XMMEA_EP) is essential to filter 
additional artifacts from the calibrated and concatenated dataset (See XMM-SOC-Cal-
TN-0018 for more details about the pattern definition). 
In this case, we have applied task evselect to select single, double, triple and 
quadruple patterns (PATTERN ≤12) for MOS, and single and double pattern (PATTERN 
≤4) for PN with the energy range from 0.2 keV to 12 keV.   
 
Figure 3-2. List of valid EPIC PN patterns. Note: ‘.’ refers pixels below threshold, 
‘X’ is the peak pixel with the maximum charge, ‘x’ is the pixel with a medium 
charge, ‘m’ is the pixel with the minimum charge. The single, double, triple and 
quadruple patterns are corresponding to SAS PATTERN 0, 1-4, 5-8 and 9-12, 
respectively. 
XMM-Newton EPIC Data Analysis 46
 
Figure 3-3.  List of EPIC MOS patterns. For the imaging mode (Upper panel), Each 
pattern is a 5 x 5 mask, in which the central pixel colored in red is the peak, the 
other pixels above threshold are colored in green, the pixels colored in white are 
below threshold, the crossed pixels are indifferent which could be above threshold 
or below threshold. Patterns 0-25 are good X-ray patterns because they are compact, 
peak-centered, and isolated. Patterns 26-29 are diagonal patterns occurred in case 
of Si-fluorescence or of pileup of two single pixel events. The lower panel is for the 
timing mode. It is similar as the cases of imaging mode but would not stress the peak 
position. Patterns 2 and 3 are mostly caused by cosmic-ray tracks. 
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3.3.2 High Background Removal 
Light curve
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Figure 3-4. Light curves of flaring background of 3C303.1. Red line: MOS-1 camera. 
Blue line: PN camera. 
 
The high level EPIC background due to the contamination by soft protons 
deteriorates the quality of the data, especially when we investigate faint sources, such as 
3C303.1. It is essential to screen the events with Good Time Intervals (GTI). A high 
energy lightcurve, the arrival time histogram of counts or count rate with energies greater 
than 10 keV, has been built to find the low level ground (‘quiescent’) period, or Good 
Time Intervals (GTI). The task evselect is used here to obtain the lightcurve of 3C303.1 
with pattern = 0 , energy >10 keV and histogram bin = 100 seconds, shown in Figure 3-4. 
The sum of Good Time Intervals are 25.93 ks for PN , 32.13 ks for MOS-1 and 32.67 ks 
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with  the thresholds, 0.75 counts/sec (0.25 counts/sec higher than the median rate) for PN 
and 0.25 counts/sec (0.15 counts/sec higher than the median rate) for MOS, respectively. 
Subsequently, the generated GTI can be passed into the new filtering for low energy 
range of 0.2-12 keV to produce the new low background event file. Note that the lowest 
energy can be detected by PN is 0.2 keV. In this procedure, task evselect has been applied 
again to select the events with single, double, triple and quadruple patterns (PATTEREN 
<= 12) for MOS, and single and double patterns (PATTEREN <= 4) for PN, respectively. 
Meanwhile, FLAG was set to zero to reject the events which are close to the CCD gap 
and bad pixels. 
3.3.3 Source Detection 
If the source positions are already known, this step can be skipped. SAS task 
edetect_chain is involved in detecting sources in EPIC images. It creates a merged source 
list by applying several detection algorithms sequentially to several energy bands.  The 
exposure maps and background images are also produced. 
Before running the source detection task edetect_chain, five images with different 
energy bands, 0.2-0.5 keV, 0.5-2keV, 2-4.5keV, 4.5-7.5keV and 7.5-12keV, were created. 
We then run edetect_chain with the likelihood threshold above 10 (~3.3σ) to find the 
image position of 3C303.1. The key role in source detection algorithm, edetect_chain,  is 
the maximum likelihood detection (emldetect). The parameter likemin in edetect_chain 
(equvilent to the parameter mlmin in emldetect) is the threshold to determine the number 
of sources in the final detection list. The higher this threshold is set, the less number of 
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sources will be included in the final list, but the higher confidence will be obtained in the 
detection (Schmitt et al. 1986).  
3.3.4 Spectral Extraction 
Table 3-1. XMM observation of 3C303.1. Note: the numbers are after GTI filtering. 
Net counts rate is background subtracted. 
 
Based on the encircled energy plot in Chapter 2, we chose 40" in circle radius, which 
corresponds to ~87% encircled energy for MOS CCD at 1.5 keV and ~83% encircled 
energy for PN CCD at 1.5 keV, as the extraction region to generate 3C303.1 CCD spectra. 
Because there are two other sources on the right side of 3C303.1 shown in the left panel 
of Figure 3-1, it has to be taken into account to choose the extraction region for 
background spectra carefully. The extraction region for MOS background spectrum is an 
annulus surrounding 3C303.1 with 40" in radius for inner circle and 80" in radius for 
outer circle. Meanwhile, the extraction region for PN background spectrum was selected 
as the same size from a source-free region at the same RAWY position on the same chip 
as 3C303.1. All above regions were “cleaned” by excluding the contamination from the 
adjacent sources.  
3C303.1 PN Mos1 Mos2 
Net counts rate (counts/s) 8.15E-3 ± 1.92E-3 2.15E-3 ± 7.22E-4 1.62E-3 ± 6.97E-4 
Total spectrum counts 628 218 191 
Counts (0.4—8keV) 483 127 128 
Exposure time (ks) 25.93 32.13 32.67 
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The task especget then was employed to generate the spectra file, Redistribution 
Matrix File (RMF) and Auxiliary Response File (ARF). The net source spectra and the 
errors are calculated by Equation 3-1 and Equation 3-2. In these equations, all counts, 
including the source and background, are collected to form the source spectrum, 
represented as source bgdS + . The source spectrum subtracting the normalized background 
spectrum yields the corresponding net spectrum. Then the net spectrum is grouped with 
25 counts minimum per spectra bin to improve the statistics.  The general spectra 
information of 3C303.1 is shown in Table 3-1. 
source bgd
net source bgd bgd
bgd
A
S S S
A
+
+= −
                                          (3-1) 
2_ ( )source bgdnet source bgd bgd
bgd
A
Error S S S
A
+
+= +
                       (3-2) 
where ‘S.’ refers to spectrum; ‘A.’ refers to spectral extraction area; ‘bgd’ refers to 
background. 
 
Since 3C303.1 is a faint source, pile-up does not need to be taken into consideration. 
OoT is also not obvious in the MOS and PN images. 
3.4 EPIC Source Spectral Analysis 
Data above 8 keV and below 0.4 keV were excluded from the spectral model fitting 
due to the poor statistics at these energies. We fitted the PN and MOS spectra 
simultaneously using several models with different combinations of absorption of power 
law (PL) and Raymond-Smith (RS) thermal models. The spectral fittings are working 
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under XSPEC 12.2.0cf and the results are given in Table 3-2, Table 3-3 and Table 3-4. 
We obtain an acceptable fit for a RS model with frozen Galactic absorption and frozen 
solar abundance at temperature kT = 0.8 keV, shown in Table 3.2. A single PL model 
with either Galactic absorption alone or excess intrinsic absorption does not fit well. 
When we add an absorbed PL component shown in Table 3.3, though the photon index is 
very poorly constrained by our data, the model fitting improves than single model. If we 
fix the photon index, e.g., Γ = 1.5, there will be no need for putting absorption before the 
PL component. In order to constrain a possible hot component due to gas shocked by the 
radio source, we considered a two temperature model with T1 = 0.8 and T2 = 45 keV 
(Table 3-4). This model is also an improvement over a single temperature thermal model. 
Figure 3-5 shows the spectral data together with the model components of Table 3-3 
folded through the detector response files (Odea et al. 2006). 
Therefore, a thermal component at kT~=0.8 keV is very likely presented in 3C303.1, 
which implies the interstellar medium (ISM) of the host galaxy. There is no obvious 
evidence for a second component in the spectrum in this observation. 
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Figure 3-5. The XMM imaging spectra (breaking line) and fittings (continual line) of 
3C303.1. Black line: PN imaging spectrum. Color lines: MOS cameras. 
 
Parameter Value 
External Absorption nH (×10 cm-2) 0.031a 
Abundance 1.0b 
Temperature kT (keV) 0.82 ± 0.05 
Luminosity 0.4-8.0 keV (1042 ergs/s) 2.4 
1 keV normalization (10-6 photons/cm2 /sec/keV) 7.7 ± 2.1 
Chi-squared 24.63 
Degrees of freedom 27 
Table 3-2. Single thermal model fitting. Note: A fit to wabs*raymond using the 
energy range 0.4 to 8.0 keV over 29 bins. aAbsorption is frozen at the foreground 
Galactic value. bAbundance is frozen at the solar value. 
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Parameter Value 
External Absorption nH (×10 cm-2) 0.031a 
Abundance 1.0b 
Temperature kT (keV) 0.77 ± 0.09 
Luminosity 0.4 --8.0 keV (1042 ergs/s) 2.0 
1 keV RS normalization (10-6 photons/cm2 /sec/keV) 5.9 ± 4.3 
Absorption towards the PL  nH (×10 cm-2) 0.47± 1.38 
Photon Index Γ 1.5c 
1 keV PL normalization (10-6 photons/cm2 /sec/keV) 1.90.1-0.7 
Luminosity 0.4 --8.0 keV (1042 ergs/s) 2.2 
Chi-squared 17.17 
Degrees of freedom 25 
Table 3-3. Two component model fitting. Note: A fit to 
wabs(zwabs*power+Raymond) using the energy range 0.4 to 8.0 keV over 29 bins. 
aAbsorption is frozen at the foreground Galactic value. bAbundance is frozen at the 
solar value. cThe power-law photon index is poorly constrained by our data, so we 
froze a value of  Γ =1.5.   value of   Γ = 2.0 produces similar results. 
Parameter Value 
External Absorption nH (×10 cm-2) 0.031a 
Abundance 1.0b 
Temperature kT (keV) 0.8 c 
Luminosity 0.4 --8.0 keV (1042 ergs/s) 1.7 
1 keV RS normalization (10-6 photons/cm2 /sec/keV) 5.3 ± 1.7 
Temperature kT (keV) 45 c 
Luminosity 0.4 --8.0 keV (1042 ergs/s) 2.8 
1 keV RS normalization (10-6 photons/cm2 /sec/keV) 13.6 ± 7.6 
Chi-squared 18.77 
Degrees of freedom 27 
Table 3-4. Two RS component model fitting. Note: A fit to 
wabs(Raymond+Raymond) using the energy range 0.4 to 8.0 keV over 29 bins. 
aAbsorption is frozen at the foreground Galactic value. bAbundance is frozen at the 
solar value. c Temperatures are frozen at 0.8 and 45 keV. 
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Chapter 4                                        
Multivariate Statistical Analysis 
Multivariate statistical analysis seeks the patterns of relationships among random 
variables. A random variable can be described as a function that maps every outcome of a 
random experiment to a unique numerical value. For example, X-ray astronomical 
spectrum always is a function of wavelengths/energies, each wavelength/energy can be 
regarded as a variable and each spectrum can be considered as an experiment, or vice 
versa. Multivariate statistic analysis is a very powerful tool for studying the X-ray 
spectral data set, comprising of many spectra, to understand the underlying properties and 
relationships of those corresponding astronomical sources. 
Three important types of multivariate methods: Principle Component Analysis 
(PCA), Independent Component Analysis (ICA), and Cluster Analysis, will be discussed 
in this chapter. 
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4.1 Principal Component Analysis 
PCA, originated from the early work of Pearson (Person 1901), is a classical 
multivariate statistical data analysis technique. It attempts to find an effective linear 
transformation to transform a number of related variables to a smaller set of uncorrelated 
variables that can best represent the given data set with less redundancy. Thus, PCA can 
be used to reduce data dimensionality, or to discover the hidden patterns in the 
transformed dimension space. 
Suppose we have a data matrix X whose columns are random variables, where 
),...,,( 21 nxxxX =                                                        (4-1) 
Its mean vector is 
}{XEu x =                                                              (4-2)  
Then its covariance matrix is  
{( ) ( )}Tx x xC E X Xµ µ= − −                                          (4-3)  
where ‘T’ denotes transpose.  
Cx is a symmetric matrix whose entries, Cij, are the covariance between the random 
variable xi and xj. The diagonal entries, Cii, are the variance of xi self. If two variables xi 
and xj are uncorrelated, their covariance is zero, that is, Cij= Cji=0. 
The eigenvalues and eigenvectors of Cx can be calculated by 
   1, 2,...,
       . 
x i i i
i i
C e e i n
where e are eigenvectors and are eigenvalues
λ
λ
= =
               (4-4)  
Because Cx is real and symmetric, its eigenvectors are orthogonal. The normalized 
eigenvectors (their norms are unit) form an orthogonal vector space to represent any 
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vector of X. If we sort the eigenvalues iλ  such that 1 2 ... nλ λ λ> > > , their corresponding 
eigenvectors are called principal components (PC). If U is a transform matrix whose 
columns are eigenvectors, Equation 4-5 projects the original data set to a new orthogonal 
space that is formed by those eigenvector bases (Figure 4-1). 
( )xY X Uµ= −                                                   (4-5)  
We can also reconstruct the original data by 
1
 '-1'     .
T
x xX YU YU
where denotes the inverse operation
µ µ−= + = +
                          (4-6)  
Since U is an orthonomal matrix, 1 TU U− = . 
Assuming yi is the ith vector of Y, then 
 
{ } {(( ) ) (( ) )} { ( ) ( ) )}T TT Ti i x i x i i x x i
T
i x i i
E y y E X e X e E e X X e
e C e
µ µ µ µ
λ
= − − = − −
= =          (4-7) 
X
Y
PC1
PC2
 
Figure 4-1. Scheme of Principle Component Analysis. PC1 is the first principal 
component and PC2 is the second principal component. 
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Thus the variance of transformed data is directly represented by the eigenvalues of 
Cx. The first PC indicates the direction of the largest variance of the data, while the last 
PC indicates the direction of the smallest variance. This is the basis of data compression 
through PCA. 
If not all PCs, e.g. first k PCs, are used to form transformation matrix U, then the 
data set is transformed into an orthogonal space with k dimensions by Equation 4-8. 
~ ~
( )k kxY X Uµ= −                                                  (4-8) 
Similar as Equation 4-6, the reconstruction operation becomes to   
~ ~ ~ ~ ~
1T
k kk kx xX Y U Y Uµ µ−= + = +                               (4-9) 
Equation 4-7 to 4-9 results in the minimized mean-square error between the original 
data X and the reconstructed data
~
X . Since only first k PCs are used, the variance 
information represented by the rest eigenvalues are lost according to Equation 4-7. It can 
be shown that the mean-square error between X and 
~
X  will be
1
n
i
i k
λ
= +
∑ . Due to the positive 
eigenvalues, the mean square error keeps decreasing as the number of k increases. When 
k=n, the mean square error reduces to zero. 
The goal of data compression by PCA is to represent the data by using PCs as few as 
possible. The typical criterion is like Equation 4-10. 
1
1
(e.g. 0.9)
k
i
i
n
i
i
Threshold
λ
λ
=
=
>
∑
∑
                                       (4-10) 
PCA can also apply to correlation matrix, { }TxR E X X= . The basic procedures to 
find PCs are similar as using covariance matrix, but without considering the effect of 
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sample means. In other words, PCA on correlation matrix does not care if the data are 
mean-centered.  
 The summarized steps of PCA algorithm based on covariance are as follow. 
• Solve the mean vector and covariance matrix of input data X. 
• Solve the eigenvalues and eigenvectors of covariance matrix. 
• Sort the eigenvalues and eigenvectors in the descending order of 
eigenvalues. The largest eigenvalues corresponds to the first PC 
(eigenvector).  
• Choose PCs. For data reduction, the PCs can be selected according to 
Equation 4-10. 
• Project the data to the new coordinate space formed by the chosen PCs. 
4.2 Independent Component Analysis 
ICA is a relative new multivariate statistical technique extended from PCA. It was 
used to solve the cocktail-party problem, where the individual speech signals are 
separated from their mixtures in one room. The goal of ICA is to separate observed 
signals (linear mixtures) into components which are as statistically independent as 
possible from each other (Hyvarinen 1999). The main difference between ICA and PCA 
is that PCA is a second-order statistical technique which uses the covariance or 
correlation matrix under the classic assumption of the Gaussian distribution of each 
observed variable vector, while ICA is a higher-order statistical technique which is based 
on the non-Gaussian distribution of each observed variable vector. Moreover, one 
attractive advantage of ICA is its independent components (ICs) may be interpreted in 
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physical meaning, because they are not limited by the orthogonal space. See Figure 5-2 
for the difference between ICs and PCs to represent data patterns. 
In cocktail party problem, given observed speech signals X, which are functions of 
time variable, in a form of Equation 4-1, it can be written as a linear combination as 
follow. 
1 11 1 1
1
( ) ( )
: : : :
( ) ( )
m
n n nm m
x t a a s t
x t a a s t
⎡ ⎤ ⎡ ⎤ ⎡ ⎤⎢ ⎥ ⎢ ⎥ ⎢ ⎥=⎢ ⎥ ⎢ ⎥ ⎢ ⎥⎢ ⎥ ⎢ ⎥ ⎢ ⎥⎣ ⎦ ⎣ ⎦ ⎣ ⎦
L
L
                                     (4-11) 
1 1 2 2( ) ( ) ( ) ( )i i i im mx t a s t a s t a s t= + + +L                               (4-12) 
The compact notation of Equation 4-11 is 
( ) ( )x t As t=                                                        (4-13) 
The source signals, s1(t), s2(t),… sm(t),   are supposed to be stationary independent 
but unknown. The coefficients in mixing matrix A are also unknown. It seems very 
difficult to solve Equation 4-11. However, ICA is able to find the independent 
components by maximizing the statistical independence of the estimated components. 
This superior ability extends the application of ICA not only to signal separation, but also 
to data compression, data representation and pattern recognition. 
In the case of astronomical spectral classification, given an observed spectral matrix 
XN x M  (mixed signals) without considering intervening absorption, the relationship 
between X, the “abundance” profile AN x L and the pure independent components SL x M 
can be approximated as a linear mixture model 
MLLNMN SAX ××× =                                                (4-14) 
where N is the number of observed spectra; L is the number of estimated pure 
components and L ≤ M; M is the number of wavelength samples. If A is a full rank matrix, 
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it is easy to solve Equation 4-14 by S = A-1X=WX, where W= A-1 and  A-1 is the inverse of 
A. But we are “blind” to A and S and would like to estimate them based only on the 
observed X. The ICA method provides an approximate solution by assuming that the pure 
components are as independent as possible. Supposing a de-mixing matrix W exists, such 
that Y=WX=WAS, then Y becomes a linear combination of components in S. The 
components in Y should be more Gaussian than those in S according to the Central Limit 
Theorem. If we maximize the non-Gaussianity of the components of Y=WX, Y should be 
the approximation of S but the order of Y components might be a permutation of S. More 
details of ICA theory can be found in (Hyvärinen et al. 2001). 
Principal component analysis (PCA), an important data-whitening technique, usually 
needs to first be applied to the spectral data set to minimize the correlation between 
observations. The number of reduced principle components, K, can be chosen from the 
sorted eigenvalues found by PCA. Then we define 
MNNKMK XVZ ××× =                                          (4-15) 
where V is a K×N matrix which rotates the observed spectral data to an orthogonal 
space. In addition, the rotated vectors zi in Z have unit variance and are mutually 
uncorrelated. We define the de-mixing matrix W as  
NKKLNL VRW ××× =                                                  (4-16)  
and  
YL × M   = WL × N XN × M   = RL × K ZK × M   = RL × K VK × N XN × M   = RL × K VK × N AN × L SL × M       (4-17) 
where RL × K is a unknown rotation matrix to rotate the data again from the 
orthogonal space to an independent space and L ≤ K.  Usually, the number of ICs (L) are 
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equal to the number of PCs (K), but sometimes L < K when the criterion function can not 
be converged to solve the IC with provided PC.  
A survey of ICA algorithms has been presented in (Hyvärinen 1999). Here we chose 
the fast fixed-point algorithm (FastICA). FastICA estimates the rotation matrix R by 
maximizing the non-Gaussianity of each Y component. A measure of the non-Gaussianity 
is negentropy which is based on the normalized differential entropy. If the variable is 
more random, its entropy should be larger, according to information theory (Cover& 
Thomas, 1991). Meanwhile, the Gaussian distribution has the largest entropy among all 
random variables which have identical variance. Hence the negentropy is defined as a 
difference between the entropy of random variable and Gaussian variable, 
 J(y) = H(ygauss) –H(y)                                                       (4-18)  
where ygauss is a Gaussian random variable which has the same covariance matrix as y 
and H represents entropy. 
Thus the negentropy J(y) always is nonnegative and equals to zero if and only if y is 
a gauss random variable.  Due to the difficulty in estimating the entropy, the negentropy 
is approximated as Equation 4-19 (Hyvarinen et al. 2000). 
 JG(y) = [E{G(y)} –E{G(ν)}]2                                               (4-19) 
where y is an estimated component assumed to have zero mean and unit variance;  ν 
is a Gaussian variable which has zero mean and unit variance and G is any non-quadratic 
function, such as G(ν)= ν3, a tanh function, or a Gaussian function. The Gaussian function 
kernel G(y) = -exp(-y2/2) proves to be more robust than the other two kernels (Hyvärinen 
et al. 2000). In order to find one independent component, function JG is required to be 
maximized and Equation 4-19 changes to  
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J{G(r)} = [E{G(rTz)} –E{G(ν)}]2                                                          (4-20) 
where r  is a N-dimensional vector in rotation matrix R.  Then the gradient descent 
algorithm can be applied to find optimized r. Since z is whitened, its norm equals to unit. 
In order to keep the variance of rTz constant, the normalization of E{(rTz)}=||r||=1 is 
required in each iteration step. Equation 4-21 to 4-24 shows how the weight vector r is 
updated in each optimization step. γ  is ‘self-adaptation’ of the weight increments. Its 
sign controls the direction of gradient.  
( ){ }
TG r zr E z
r
γ ∂∆ ∝ ∂                                                       (4-21) 
( ( ) { ( )})TG r z E Gγ ν γ∆ ∝ − −                                           (4-22) 
|| ||
rr
r
←                                                                    (4-23) 
Briefly, the steps of ICA algorithm to estimate one independent component are 
summarized as follow. 
1. Apply PCA to the input spectral data set.  
2. Whiten the data to give z. 
3. Choose the initial vector r with unit norm, and initialγ . 
4. Update r with ∆r according to Equation 4-21. 
5. Normalize r according to Equation 4-23. 
6. Update γ with ∆γ  according to Equation 4-22. 
7. Substitute them into criterion function (Equation 4-20) to see if it is 
converged. If not, go back to step 4. 
Repeat the above steps to obtain all ICs. See (Hyvärinen 1999a) for more details 
about FastICA algorithm. 
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4.3 Cluster analysis 
Cluster Analysis is a multivariate statistical technique for grouping similar objects 
into the respective categories. More specifically, it partitions the data set into groups 
(clusters), in which the objects are proximate, based on a distance or dissimilarity 
function. 
There are numerous ways to measure a distance or dissimilarity. Some are based on 
orthogonal metric, e.g.  Euclidian distance, the others are based on non-orthogonal metric, 
e.g. cosine similarity. 
The simplest and widely-used metric distance between multivariate points can be 
calculated as: 
1
1
1
1
22
1
K rr
ij ik jk
k
K
ij ik jk
k
K
ij ik jk
k
d x x
d x x
d x x
=
=
=
⎧ ⎫= −⎨ ⎬⎩ ⎭
⎧ ⎫= −⎨ ⎬⎩ ⎭
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∑
∑
∑
                                      (4-24) 
In Equation 4-24, when r = 1, it is the city block distance; when r = 2, it is the 
Euclidian distance; when r = p ≥ 3, it is usually is called p-norm distance. There are also 
the other variations of metric distance, e.g. squared Euclidian distance, Mahalanobis 
distance, etc. 
The cosine similarity is the major non-orthogonal similarity measurement. It can be 
calculated by Equation 4-25. We see the cosine of the angle between two vectors is 
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identical to their correlation coefficient. When two vectors are more correlated or similar, 
the angle that they are subtended is smaller. 
2 0.5 2 0.5
,( , ) cos( , )
|| |||| || ( ) ( )
xyx ySimilarity x y x y
x y x y
< >= = = ∑∑ ∑                (4-25) 
where <·> refers to the inner product and ||·|| refers to the norm. 
 
Usually, clustering is referred as a form of unsupervised classification. In the case of 
astronomical spectral clustering, if detailed physical knowledge concerning the observed 
sources is absent, unsupervised classification provides a path to identify the empirical 
similarities or dissimilarities among the sources so that we can begin to group them 
observationally. Unlike supervised classification based on a training set of labeled data, 
an unsupervised method seeks natural groupings in the data set without predefined target 
information, except for the number of desired classes. The clustering results are thereby 
completely based on the similarities of the observed data. Although many unsupervised 
classification algorithms have been proposed, we consider two popular techniques, K-
means clustering and hierarchical clustering.  
4.3.1  K-means Clustering 
K-means clustering is an iterative approach to find clusters and their centers such 
that the within-cluster sums of squared distance are minimized. This algorithm assigns 
each point to the respective cluster whose center is nearest. The center is the average of 
all the points in the cluster. 
The algorithm is briefly described as: 
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1. Choose the number of clusters. 
2. Randomly create the cluster centers as start points. 
3. Assign each point to clusters according to the nearest center. 
4. Re-calculate the new cluster centers. 
5. Repeat until the cluster centers are not moved. 
 
The main advantages of K-means clustering are its simplicity and speed. However, 
for a small data set, resulting clusters depend on the initial random start points. It may not 
yield the same clusters for each run. It maximizes inter-cluster (or minimizes intra-cluster) 
variance, but does not minimize the global variance. Chapter 5 gives an example to 
automatically cluster the Spitzer LMC spectral data set based on K-means algorithm. 
4.3.2  Hierarchical Clustering 
Hierarchical clustering is the other popular unsupervised classification technique. It 
expresses the data structure using a tree-shape diagram, or dendrogram. There are two 
basic approaches to the implementation of hierarchical clustering, agglomerative or 
divisive.  The agglomerative approach sequentially merges individuals into groups, while 
the divisive approach sequentially separates individuals into finer groupings (Everitt 
1993). In these two approaches, the agglomerative approach is more easily implemented 
in practice and will be discussed in more details. Figure 4-2 illustrates a dendrogram of 
the agglomerative approach. 
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Figure 4-2. A dendrogram of the agglomerative hierarchical clustering based on 
Euclidian distance. 
At the beginning of agglomerative hierarchical clustering, each cluster comprises 
only one individual object and the distances between those clusters are computed by the 
chosen distance or similarity measure. Once the objects merge to several different 
clusters at the second stage and thereafter, how do we determine the similarities or 
distances between those new clusters? There are various methods that have been 
developed to measure the similarity between two clusters, in order to decide if they can 
be linked together. 
Single linkage, complete linkage and average linkage are three basic grouping 
methods (Everitt 1993). 
• Single linkage, also known as the nearest neighbor clustering. The 
distance between two clusters is measured between the two closest objects 
(nearest neighbors) in the different clusters (Figure 4-3(a)). 
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• Complete linkage, also called furthest neighbor.  The distance between 
two clusters is measured between the farthest two objects in the different 
clusters (Figure 4-3(b)). 
• Average linkage. The distance between clusters is determined by the 
average distance between all pairs of objects in the two different clusters 
(Figure 4-3(c)).  
It was proved that complete linkage clustering is less sensitive to sources of noise 
than single linkage clustering (Baker 1974; Hubert 1974). Meanwhile, it was also 
demonstrated that average linkage clustering outperforms the other grouping methods 
(Cunningham&Ogilive 1972).  
Although there are still some other linkage techniques, most of them are extended 
from the above three methods.  So we are not going to discuss them here.  
Cluster A
Cluster B
 
(a) 
Cluster A
Cluster B
 
(b) 
Cluster A
Cluster B
 
(c) 
Figure 4-3. Scheme of single linkage (left), complete linkage (middle) and average 
linkage (right). 
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Chapter 5                                         
Unsupervised Classification of Infrared 
Spectra based on PCA 
Spectral classification algorithms are affected by factors such as how the spectral 
data are scaled and how the similarities between clusters are measured. In this chapter, 
we apply the K-means and the hierarchical clustering algorithms with different 
combinations of factors to the LMC Spitzer spectral data set and evaluate their 
performances by comparing the classification results with the ground truth, which has 
been determined in (Buchanan & Kastner et al. 2006).  Through the assessment to the 
classifiers, an optimum unsupervised clustering approach for the LMC spectral data set 
are found and can be applied to additional Spitzer space telescope infrared spectral data. 
In contrast to most of the X-ray EPIC spectra with rather low signal-to-noise (S/N) 
ratio, infrared (IR) spectra have much stronger signals with respect to the weaker 
backgrounds. The effective parameter combinations determined by experiments on the 
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good quality IR data using our spectral clustering algorithm, can be adapted to the X-ray 
EPIC spectral data with faint signals in some sense. 
To reduce the computational complexity and simplify the visualization of the 
spectral structure, PCA has been applied to a high dimensional spectral data set. It 
transforms a number of related wavelength variables to a set of uncorrelated variables by 
applying the Single Value Deposition (SVD) technique or other similar techniques to the 
covariance matrix of spectral data set.  The patterns in the data then can be found and the 
dimensionalities of the data can be reduced by means of mapping the high dimensional 
data into a lower dimensional uncorrelated vector space (Jackson 1991). In general, given 
N variables for each spectrum in the spectral data set, M (M <= N) new uncorrelated 
vectors can be constructed via PCA, such that each of their corresponding eigenvalues 
accounts for as much of the variance of the entire data set as possible. Then the projection 
of the spectral data set into the new uncorrelated vector space yields the underlying 
patterns of spectra. 
We describe the LMC spectral data set and the clustering procedure in section 5.1; 
section 5.2 is devoted to the evaluation of the unsupervised classification algorithms and 
the discussion of classification results. The final section contains a summary. 
5.1 LMC Spitzer IR Spectral Data 
After their core hydrogen is exhausted via nuclear fusion, sun-like stars become very 
luminous red giants – thousands of times brighter than the Sun -- yet may be obscured 
visually by dusty, expanding circumstellar envelopes. The stars’ photospheric emission is 
absorbed by these optically thick and dusty envelopes and re-radiated in the mid- and far-
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infrared range (van Winckel 2003). Hence, telescopes equipped with infrared sensors are 
an effective means to study the chemical enrichment of the Milky Way galaxy by the 
dusty envelopes of these mass-losing Asymptotic Giant Branch (AGB) stars.  
The Spitzer Space Telescope Infrared Spectrograph (IRS) is now providing high-
quality infrared spectra with which we can investigate mass-losing AGB stars, especially 
in nearby, external galaxies such as the Large Magellanic Cloud (LMC). The LMC is an 
attractive region for study by astronomers because (1) it is our nearest neighbor galaxy, 
only 179,000 light years away; (2) its low metallicities and high star formation rates 
mimic those of far more distant, high-redshift galaxies and (3) it contains a large 
population of IR-luminous, mass-losing objects found at essentially the same distance, 
thereby alleviating the distance ambiguities that plague studies of mass-losing stars in the 
solar neighborhood. Therefore the IRS spectra of mass-losing AGB stars collected from 
the LMC can be used to establish broad-band photometric indicators of the envelope 
chemistry of mass-losing stars (Buchanan & Kastner et al. 2006).   
A raw spectral data set, including 60 infrared spectra of the IR-luminous stars in 
LMC region, was obtained by the Spitzer IRS and processed using the Spitzer pipeline 
version S11.0. The clean spectral data set was extracted by removing the sky background 
from the source spectra and made available as the Spitzer IRS Spectral Atlas of 
Luminous IR Sources in the LMC (Buchanan & Kastner et al. 2006). The spectra have 
been sampled with 351 wavelengths in the infrared band of [3.13, 35.98] µm. We 
carefully examined the spectral data set and selected 53 unambiguous spectra from the 
raw data set as our samples. In the selected spectral data set, two artifacts were corrected 
to facilitate further classification. The first artifact is that each spectrum has a different 
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wavelength range. The other is the presence of overlapping sample values from 7.5 µm to 
9 µm and from 20 µm to 22 µm. Thus, with the exception of two objects lacking short 
wavelength (5-14 µm) data (MSXLMC1072 and MSXLMC1524) all spectra were 
resampled onto the identical wavelength range, from 5.3382 µm to 33.097 µm with a 
single flux density value sampling at each wavelength interval. Each resampled spectrum 
has 375 wavelength samples. Although the above two outliers cannot be classified, we 
still put them into an “Oddball” class (see below) to make the classification results easy 
to be compared with the ground truth. Thus the final data set consists of 53 samples 
including MSXLMC1072 and MSXLMC1524. It should be noted that all source names 
in our data set come from Infrared Astronomical Satellite (IRAS) and Midcourse Space 
Experiment (MSX) catalogues. 
Because different potential spectral scaling methods will undoubtedly have influence 
on our clustering results, it is essential to investigate them -- although the consideration 
of scaling method is often neglected in the classifier design. Three standard scaling 
methods were employed in our experiments: 1) scale each spectrum according to its mean 
and standard deviation to produce a new spectrum with zero mean; 2) scale each 
spectrum by its maximum amplitude, to compress its amplitude into the range [0 1]; 3) 
scale each spectrum by its area, so that all scaled spectral areas are identical. The scaled 
spectral data set and the original data set are plotted in Figure 5-1. 
We can discern the typical features from the scaled spectra in Figure 5-2. These 
features reveal the chemistry of the circumstellar dust of the mass-losing evolved stars. 
Spectra with a broad SiC dust emission peak at 11.5 µm and narrow acetylene (C2H2) 
absorption peak at 13.7 µm are characteristic of stars surrounded by Carbon-rich ejecta. 
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Those spectra with silicate dust emission peaks at 9.7 µm and 18 µm indicate that those 
representing stars have Oxygen-rich ejecta. Spectra with very red continua and narrow 
emission lines imply that their corresponding stars are young, luminous, and embedded in 
star-forming clouds. These objects are designated as “Red Objects” based on infrared 
color-color diagrams.  The other sources, such as MSXLMC1072, MSXLMC1524, 
MSXLMC890, MSXLMC1326 and IRAS04553-6825 were put into an additional class 
(“Oddballs”): MSXLMC1072 and MSXLMC1524 have such a short wavelength range 
that they can not be classified; MSXLMC890 and MSXLMC1326 are B[e] hypergiants 
(Kastner et al. 2006), which are young, massive stars and not red giants; IRAS04553-
6825 is probably a highly obscured and luminous supergiant. 
The PCA method was applied to the scaled spectra to reduce their dimensionalities. 
In this case, the first three PCs express 95%, 97%, and 98% of the total variance of 
wavelength variables using spectral scaling methods 1, 2, and 3, respectively. So the 
scaled spectral data sets can be projected onto the 3D space formed by the first three PCs 
without losing much information. This reduction in dimensionality results in a large gain 
in classification computational efficiency, which would be a great benefit in the case of a 
very large data set.  
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(a) 
(b) 
(c) (d) 
Figure 5-1.  Spectra data, (a). original,  (b). each of them is scaled according to its 
mean and standard deviation,  (c). each of them is scaled by its maximum amplitude,  
(d). each of them is scaled by its area. 
 
To use agglomerative hierarchical classification described in Chapter 4, we first have 
to find the similarities (Euclidean distance) between every pair of spectra in the data set. 
Then the spectra can be grouped into a hierarchical tree based on the proximity 
(Euclidean distance in this case) between every pairs of objects. Single linkage, complete 
linkage and average linkage are three standard grouping methods. Complete linkage, also 
called furthest neighbor, uses the largest distance between each two clusters while 
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average linkage uses the average distance (Everitt 1993). These two linkage methods 
were employed in our experiment. Finally, the clusters are chosen at a given hierarchical 
level. Based on the classification results in (Buchanan & Kastner 2006), which are based 
on color-color diagrams, we choose four final classes and they are found at that 
hierarchical level. 
 
Figure 5-2. The typical spectrum of O-rich stars (MSXLMC141), C-rich stars 
(MSXLMC87), Red Objects (MSXLMC22) and “Oddballs” (IRAS04553-6825). 
Each spectrum is scaled by its maximum amplitude. 
 
Ground Truth  
C-rich O-rich Red Odd 
Total 
C-rich 14 6 0 0 20 
O-rich 0 16 0 1 17 
Red 0 0 11 0 11 Ac
tu
al
 
cl
us
te
rs
 
Odd 1 0 0 4 5 
 Total 15 22 11 5 53 
Table 5-1. The confusion matrix of hierarchical clustering using average linkage 
with PCA on the scaled spectra by the maximum amplitude. Note: Red refers to Red 
Objects and Odd refers to Oddballs. 
 
The performance of another unsupervised clustering technique, K-means, has been 
investigated as well. Unlike hierarchical clustering, K-means clustering requires the 
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initial cluster centers and the number of classes as its input parameters. The number of 
classes was fixed at four and the start points we chose are MSXLMC22, MSXLMC87, 
MSXLMC775 and IRAS04553-6825, which represent the typical features of each of the 
four clusters. Then the samples were labeled according to the nearest cluster centers.  We 
iteratively computed the new centers and classified the samples until the centers could 
not be updated. At this point we have the final clusters and their respective centers. The 
results are presented in the next section. 
Confusion Matrix (Congalton 1991), in which each row corresponds to the instances 
in actual classes while each column corresponds to the instances in theoretical classes, is 
a useful tool to assess the classifiers performance. It has been performed by comparing 
the classification results with the ground truth.  The comparison results were tabulated in 
the confusion matrix; for example, Table 5-1 is the confusion matrix of the hierarchical 
clustering method using average linkage with PCA on the data scaled by the maximum 
amplitude. The overall classification accuracy can be approximated by the confusion 
matrix trace divided by the total number of spectral samples. The overall classification 
error is roughly the complement of the overall classification accuracy. For example, the 
overall classification accuracy reflected in Table 5-1 is about 84.9% and the overall 
classification error is about 15.1%. 
5.2 IR Spectral Clustering and Analysis 
As seen in Table 5-1, the hierarchical clustering algorithm using average linkage 
partitioned the Red Objects from the others without errors because their spectral patterns 
are very different from the other categories. If we interpret these differences in the color 
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sense, the Red Objects are the most “reddish” (emission at long IR wavelength) while the 
C-rich stars are the most bluish (emission at short IR wavelength). The infrared ‘color’ of 
the O-rich stars resembles cyan, because their spectra have two peaks at short and middle 
IRS wavelengths, respectively. The stars belonging to the Oddball class have an emission 
peak at ~11.5 µm (in the short IR wavelength region) and a flat response over the long IR 
wavelength in their spectra. Thus the Red Objects are independent of the other three 
categories and can be easily separated from the others. Conversely, IRAS05568-6753 is a 
C-rich star but was wrongly classified into Oddball because its spectrum not only has C-
rich-star features but also has emission in the long IRS wavelength region. In other words, 
these two categories are not independent from each other. Similarly, six O-rich stars in 
the ground truth were wrongly classified as C-rich stars by our method. One reason is that 
the C-rich stars and O-rich stars have a common pattern, in that both have emission in the 
IRS short wavelength region, although the peaks are not at the same position. The other 
reason is that the 18-µm-emission peak of these O-rich stars -- the spectral region where 
there is the most difference between O-rich stars and C-rich stars -- is so weak that the 
classifier considers it as a small fluctuation, as shown in Figure 5-2. Consequently, most 
LMC spectra classification errors were produced due to the interdependency among the 
C-rich, O-rich and Oddball categories. 
We compared the classification accuracy of average and complete linkage methods 
(Table 5-2 and Figure 5-3) and confirmed that average linkage is the best grouping 
method. Consequently, it should be the first choice when we consider the linkage options 
to group the infrared spectra and thus after the EPIC X-ray spectra. 
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Unsupervised Clustering Methods Overall clustering 
accuracy 
Scaled data 1 73.6% 
Scaled data 2 84.9% 
Average Linkage 
Scaled data 3 67.9% 
Scaled data 1 64.2% 
Scaled data 2 79.2% 
Hierarchic clustering 
Complete Linkage 
Scaled data 3 75.5% 
Scaled data 1 77.4% 
Scaled data 2 71.7% 
PC
A 
K-means  
Scaled data 3 81.1% 
Scaled data 1 81.1% 
Scaled data 2 86.8% 
Average Linkage 
Scaled data 3 75.5% 
Scaled data 1 71.7% 
Scaled data 2 83.0% 
Hierarchic clustering 
Complete Linkage 
Scaled data 3 83.0% 
Scaled data 1 77.4% 
Scaled data 2 71.7% 
W
ith
ou
t P
CA
 
K-means  
Scaled data 3 81.1% 
Table 5-2. The performance comparison of unsupervised clustering algorithms. 
Note: Scaled data 1, 2 and 3 represent the spectral data set scaled by scaling method 
1, 2, and 3, respectively. 
 
 
Figure 5-3.  The performance comparison of unsupervised clustering algorithms. 
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Table 5-2 and Figure 5-3 show that the various scaling methods have a great effect 
on overall classification accuracy; a good scaling method can improve the classification 
performance while a bad one always degrades the classification. Figure 5-4 illustrates 
that the different scaling methods can change the distance between the objects so as to 
affect the similarities between the groups and eventually influence the classification 
results. For instance, Figure 5-4 (a) and (b) show that the Oddball class is mixed with the 
other classes using scaling method 2 but it is well separated with the other classes 
employing scaling method 1. However, the selection of scaling method has to be 
determined through experiments. In the case of our LMC Spitzer IRS spectral 
hierarchical clustering, scaling method 2 is superior to the others for either linkage 
method because it produced the best overall classification accuracy. On the other hand, 
Table 5-2 also shows that scaling method 3 led to the best K-means classification result 
(Figure 5-4 (d)).  
The greatest advantage of PCA is that only a fewer PCs can faithfully represent the 
data with many dimensions. In our experiment, we reduced the data dimensions from 375 
to 3 and only the first three PCs were employed in the procedure. But the space formed 
by the first three PCs may not be the optimum subspace for classification algorithms to 
classify the clusters. For instance, the use of the first three PCs degraded the overall 
classification accuracy of the hierarchical clustering methods as shown in Table 5-2. The 
optimum subspace can be found via Multiple Discriminant Analysis (Duda et al. 2000). 
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5.3 Conclusion 
(a) (b) 
(c) (d) 
Figure 5-4. Classification results: (a). average linkage + scaling method 1;  (b). 
average linkage + scaling method 2; (c). complete linkage + scaling method 2; (d). K-
means + scaling method 3. Note: ‘ x ’ refers to C-rich stars; ‘ o ’ refers to O-rich 
stars;   ‘ * ’ refers to Red Objects; ‘ + ’  refers to Oddballs. 
 
Hierarchical clustering and K-means clustering were implemented to classify our test 
data set of Spitzer IRS spectra of LMC infrared sources. The effects of some factors, such 
as linkage method, data rescaling and PCA have been investigated. The best overall 
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classification accuracy, 86.8% (or the least classification error, 13.2%) has been achieved 
by the hierarchical clustering algorithm with the combination of average linkage and the 
data scaled according to maximum amplitude. PCA was used to reduce the 
dimensionalities of LMC spectra. The first three PCs, accounting for more than 95% of 
total variance, were employed for hierarchical clustering and K-means clustering. The 
cost of the use of the first three PCs is that it decreased the overall classification accuracy 
of hierarchical clustering algorithms in our experiment. 
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Chapter 6                                                     
Application: V1647 Ori field  
The multivariate statistical analysis of X-ray imaging spectra data provides an 
efficient way to survey the environments of interesting objects and thereby to better 
understand the context and nature of such objects. Both Principle Component Analysis 
(PCA) and Independent Component Analysis (ICA) are data-driven multivariate 
statistical techniques to find underlying patterns in data. PCA was performed to 
understand the origin of X-ray emission from young stars in the Orion Nebula Cluster 
observed by the Chandra X-ray Observatory (Hojnacki et al 2004). ICA, which is an 
extension of PCA, was first formally introduced by Comon in 1994. Since then, various 
ICA algorithms have been proposed, such as FastICA (Hyvärinen 1999a), JADE 
(Cardoso 1999), Informax (Bell et al 1995), cICA (Pearlmutter et al 1996), RADICAL 
(Miller et al 2003), MILCA (Stögbauer et al 2004), and SNICA (Astakhov et al 2006). 
These algorithms have been successfully applied in signal and image processing, e.g., 
remote sensing scene segmentation and medical signal separation. In our experiment, we 
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chose the FastICA algorithm due to its fastest running speed and robustness. Another 
attractive property of FastICA is its ability to project high dimensional spectra onto a 
lower dimensional space. We can therefore cluster the spectra more efficiently based on 
these low dimensional projections. 
Independent Component Analysis has been recently introduced into astronomical 
research. It has been applied to separate the astrophysical signals from the cosmic 
microwave background (Baccigalupi et al 2000; Maino et al 2002); to estimate young 
stellar populations in elliptical galaxies based on the independent components of the 
galaxies’ optical spectra (Kaban et al. 2005); to study the temporal and spatial variations 
of independent global modes of solar magnetic field fluctuations over a long period 
(Kaban et al. 2005). Recently, El-ICA algorithm has been developed to represent a 
synthetic galaxy spectral library with few nonnegative independent components (Lu et al. 
2005). 
Although the origin of X-ray emission from young, low-mass stars is uncertain, the 
latest research suggests that X-ray emission may result from mass accretion onto the 
forming star (Shu et al. 1997; Kastner et al. 2002). Recently, the Chandra and XMM-
Newton X-ray telescopes had opportunities to observe a pre-main sequence object V1647 
Ori at the beginning of an apparent accretion-generated, visible light outburst. Its X-ray 
count rate, which has been reported in a Nature paper (Kastner et al. 2004), was 
increaseing by a factor of ~50 over pre-outburst during Chandra observations on 7 and 22 
March, 2004. The flux of V1647 Ori in the first Chandra observation on 7 March, 2004 
was ~100 times greater than its pre-burst, and the flux in the second observation on 22 
March, 2004 was ~10 times greater than its pre-burst. After that, a ~36 ks XMM-Newton 
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observation was completed on 4 April, 2004. The X-ray flux of in this observation is 
roughly equal to the Chandra observation on 7 March, 2004 and somewhat greater than 
that in Chandra observation on 22 March, 2004. The XMM-Newton observation also 
established the X-ray variability of V1647 Ori (Gross et al. 2004).   
To investigate the outburst of V1647 Ori more thoroughly and to establish whether 
V1647 Ori represents an unusual object in the context of its associated young star cluster 
(which is located in the Lynds 1630 dark cloud), another longer exposure observation6  
by XMM-Newton was obtained during 24 to 26 March, 2005. A set of X-ray imaging 
spectra of bright sources obtained by the XMM PN instrument has been extracted in 
batches. We apply PCA and ICA, in combination with hierarchical clustering, to 
investigate the classification of these X-ray spectra of V1647 Ori and its associated 
clusters. We describe the XMM observation of the V1647 Ori field obtained with XMM-
Newton and the imaging spectral extraction approach in section 6.1; section 6.2 is 
devoted to explaining the ICA algorithm and the hierarchical clustering algorithm. We 
analyze and discuss the classification results in section 6.3. The final section contains a 
summary. 
6.1 XMM-Newton Observations of V1647 Ori. 
The 132 ks XMM-Newton observation of V1647 Ori in 2005, was pointing to RA: 
05:46:17, DEC:-00:07:31.9 (J2000). Three EPIC cameras, MOS-1, MOS-2 and PN, were 
                                                 
6 A detailed analysis of the XMM-Newton spectrum of V1647 Ori itself will be presented in 
Grosso et al. (2006, in preparation). 
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operated with medium optical blocking filters in “Prime Full Window” mode. Because 
about half of the X-ray flux which should be collected by the MOS cameras is directed to 
dispersing grating spectrometers, the X-ray photons collected by MOS CCD are fewer 
than those collected by PN CCD.  
 
Figure 6-1. Three-band mosaic of merged PN, MOS-1 and MOS-2 images of the 
field centered on V1647 Ori. Red: 0.5—2.0 keV; Green: 2.0—4.5 keV; Blue: 4.5—
7.5 keV. 
 
The observation data were reprocessed using the XMM-Newton Science Analysis 
System (SAS) V6.5.0. Task emchain and epchain were employed to obt ain the photon 
event lists. Then we applied evselect to select single, double, triple and quadruple events 
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(PATTERN <=12) for MOS, and single and double events (PATTERN <=4) for PN with 
the energy range from 0.2 keV to 12 keV.  FLAG was set to zero to reject the events 
which are close to CCD gaps and bad pixels. Because a solar flare event occurred during 
the observation, it is necessary to screen the events with Good Time Interval (GTI) filters 
to mitigate solar flare effects.  We generated the light curves above 10 keV for each EPIC 
instruments and obtained the median count rates for PN, MOS-1 and MOS-2, which are 
0.56 counts/sec, 0.08 counts/s and 0.11 counts/s, respectively. We chose 0.75 counts/s for 
PN and 0.25 counts/s for MOS as the respective thresholds to filter the event data file. 
The sums of the resulting GTIs are then 77.7 ks for PN, 85.4 ks for MOS-1 and 84.8 ks 
for MOS-2. 
In order to run the source detection task edetect_chain, five images with different 
energy bands, 0.2—0.5 keV, 0.5—2 keV, 2—4.5 keV, 4.5—7.5 keV and 7.5—12 keV, 
were created. Figure 6-1 shows a mosaic of merged PN, MOS-1 and MOS-2 images 
within the 0.5—2 keV, 2—4.5 keV and 4.5—7.5 keV bands. edetect_chain was run with 
maximum likelihood threshold above 10 (~3.3σ) to find the source positions in these 
images. Task region was then disposed to shrink the source size for the purpose of 
avoiding the overlap of source regions where possible. Finally, a total of 96 sources have 
been detected. Only ~27% of these sources have more than 200 total counts. We plot the 
PN image with energy range of 0.2—12 keV band and label detected positions and sizes 
of those sources with more than 200 counts in the top panel of Figure 6-2. As a 
comparison, the source positions in the same region (obtained from the SIMBAD 
catalogue) are also plotted in the bottom panel of Figure 6-2. The order of source labels 
in the top panel of Figure 6-2 is ascending with decreasing numbers of collected counts, 
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that is, source 1 is the brightest object, source 2 is the second brightest object, etc. 
Although the shrinking-size algorithm has been applied, some overlapping regions can 
still be noticed in the top panel of Figure 6-2, for example, source 3 and 24, source 5, 12 
and 27, etc. Source 3 and 24 are actually are a single source that was split by a PN CCD 
gap, based on the observations by MOS-1 and MOS-2.  
The list of source regions was used to sequentially extract a set of X-ray imaging 
spectra from the PN event table. In order to maintain the spectral S/N ratio, we used a 
circle of 30 arcsecond radius as the smallest extraction region to generate source spectra. 
Similarly, the smallest extraction region for background spectra is an annulus 
surrounding the target with 30 arcsecond and 60 arcsecond inner and outer radii, 
respectively. The source and background regions, excluding adjacent sources to minimize 
contaminations, were refined so that we could employ especget to consecutively generate 
the spectra files, Redistribution Matrix Files (RMF) and Auxiliary Response Files (ARF). 
The source spectra and their errors were computed by subtracting the background spectra 
and applying Poisson photon counting statistics. For the purpose the future spectral fitting 
analysis, we rebinned the original EPIC PN spectra of the selected 26 bright sources with 
task GRPPHA in HEASARC astronomical software package, to obtain at least 25 counts 
per spectral bin and thereby maintain good statistics. See Appendix A for those rebinned 
spectra. 
In order to identify these selected X-ray sources, we correlated them using the 
nearest neighbor technique with the identified object positions in the SIMBAD catalogue, 
especially those in Simon et al.’s paper. The correlation results are listed in Table 6-1. 
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Figure 6-2. Top: Source positions and spectral extraction region size superimposed 
on the PN image, with energy range of 0.2—12 keV. Bottom: Objects previous 
identified in the XMM EPIC field centered on V1647 Ori. 
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 Source RA (J2000) 
Decl. 
(J2000) Source Identification Counts
a Count Rate
b 
(Counts/ks) 
1 5 46 07.9 -00 11 56.4 
2MASS J05460789-0011569 
(=[AVE98] HH 24-26 4 ) 
(=[Simon et al.  2004]c Source 8) 
(=SSV 61) 
4840.68±79.30 69.59 ±1.14 
2 5 45 56.3 +00 07 07.8 … 4227.37±77.19 60.79 ±1.11 
3d 5 46 18.9 -00 05 37.7 
EQ J054618.9-000538(=XMMU 
J054618.9-000539) (=GSC2 
S020001258) (=[Simon et al. 
2004] Source 20) 
3147.59±63.30 45.25 ±0.91 
4 5 47 13.9 +00 00 16.6 EM* LkHA 312 3765.90±72.30 54.17±1.04 
5 5 46 43.6 +00 05 28.0 PMN J0546+0005 2482.22±59.80 35.70±0.86 
6 5 47 02.6 -00 09 28.0 VSS VI-16 1137.51±47.28 16.36±0.68 
7 5 46 07.9 -00 01 52.1 … 994.57±40.34 14.30±0.58 
8 5 46 22.5 -00 08 51.4 
GSC 04768-00706 (=SSV 68)  (= 
LkHA302) 
(=[Simon et al. 2004] Source 23) 
968.14±36.86 13.92±0.53 
9 5 45 42.0 -00 12 05.7 … 835.18±41.72 12.01±0.60 
10 5 45 38.3 -00 08 11.3 … 945.74±43.81 13.60±0.63 
11 5 46 13.1 -00 06 03.7 V* V1647 Ori 893.15±38.95 12.84±0.56 
12 5 46 43.4 +00 04 35.7 HD 290862 650.71±43.10 9.36±0.62 
13 5 46 19.0 +00 03 29.9 … 680.89±37.56 9.79±0.54 
14 5 46 11.3 -00 02 19.7 GSC2 S02000125079    (=[Simon et al.  2004] Source 14) 806.08±44.51 11.59±0.64 
15 5 46 11.6 -00 06 27.0 
XMMU J054611.6-000627 
(2MASS J05461162-0006279) 
(=[Simon et al. 2004] Source 15) 
399.97±36.17 5.75±0.52 
16 5 47 08.7 +00 00 14.8 CXOU J054708.7+000013 432.41±35.46 6.22±0.51 
17 5 47 11.9 -00 06 50.9 … 408.14±34.07 5.87±0.49 
18 5 46 37.1 +00 01 21.4 EM* LkHA 304 355.35±36.16 5.11±0.52 
19 5 46 00.3 -00 08 26.4 SSV 65 (=[Simon et al. 2004] Source 5) 363.69±30.60 5.23±0.44 
20 5 47 07.0 +00 00 47.4 GSC 00116-00175 298.94±32.67 4.30±0.47 
21 5 46 53.7 -00 16 09.6 … 326.84±29.21 4.70±0.42 
22 5 45 42.5 -00 07 23.5 … 321.97±26.43 4.63±0.38 
23 5 45 41.7 -00 04 03.0 … 246.83±34.07 3.55±0.49 
24 5 46 34.5 +00 06 42.6 [PSA97] 2068-3 198.19±52.16 2.85±0.39 
25 5 46 07.9 +00 04 34.7 … 233.69±31.30 3.36±0.45 
26 5 46 40.4 +00 05 02.3 SSV LDN 1630 4 302.50±23.64 4.35±0.34 
Table 6-1. Counterparts of bright X-ray sources from SIMBAD Catalogue in V1647 
Ori field. a,b Net counts and net counts rate, which are background corrected, in the 
0.5-12 keV energy band. They are measured through each corresponding circular 
aperture. The sources whose net counts are more than 200 counts are listed in this 
table. c Sources were detected with Chandra X-ray telescope by Simon et al., 2004. d 
The LkHA 301 is located in the north extension of Source 3 but its center is right on 
the chip gap of PN image. Note: Units of right ascension are hours, minutes, and 
seconds, and units of declination are degrees, arcminutes, and arcseconds. 
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6.2 ICA Algorithm 
In this section, the hierarchical clustering results based on ICA will be performed. As 
a comparison, the hierarchical clustering results based on normalized original spectra, 
whitened spectra and applying PCA on spectral wavelength variables will also be 
respectively demonstrated. AS we mentioned in Chapter 4, the rows of observed spectra 
matrix, X, are observations and the columns are wavelengths. Since ICA looks for the 
linear combinations of ICs to express the observed spectra, it needs to note that the 
whitened spectra here are obtained by applying PCA on spectral observation variables 
(rows of X), which is not same as applying PCA on spectral wavelength variables 
(columns of X) in Chapter 5. See (Hyvärinen et al. 1999) for more details. 
Equation 4-14 implies that the “abundance” profile, each row vector in AN × L, can be 
considered as a mapping point of each corresponding observed spectrum, each row vector 
in XN × M, in a SL × M space whose axes are constituted by L independent components. 
Usually, L usually is much less than N. Thus, clustering the original spectral data set 
which has N dimensions can be simplified as clustering the corresponding L-dimension 
“abundance” profiles. The computing cost to calculate the similarities between objects is 
thus reduced (Mu et al. 2006). 
The 26 spectra which contain more than 200 photon counts were extracted and sorted 
by brightness.  The negative counts in each spectrum due to background subtraction were 
set to a very small positive value so as to reduce their effects on the classification results. 
Then a Savitzky-Golay smoothing filter with a 5th-order polynomial and 51-point 
window has been applied to these spectra. The Savitzky-Golay filter is a particular low-
pass filter often used in spectroscopy (Savitzky et al. 1964; Stögbauer et al. 2004; Chen et 
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al. 2001). The filter coefficients are obtained by applying a least-square linear fit with a 
given-degree polynomial. The advantage of the Savitzky-Golay filter is that it can 
preserve higher moments of signal. In other words, the distortion of spectral peak heights 
and widths can be alleviated while the efficiency of the suppression of random noise is 
still maintained. 
Due to the solar proton contamination below 0.5 keV and low statistics above 8.0 
keV, we chose 0.5—8.0 keV as our spectral wavelength range of interest, with a 5 eV 
interval as the spectral bin width. Note that the choice of spectral normalization method 
affects the classification results (Mu et al. 2005). In the present case we normalized each 
spectrum by its maximum amplitude. This procedure improves classification accuracy 
because the clustering results, which we are seeking for, are determined by the positions 
of the maximum peaks of spectra.  
The resulting truncated and normalized spectra form the matrix X26 × 1500 in Equation 
4-14, in which rows are mixture spectra and columns are wavelength. We call X the 
original spectral data set, and we treat the rows in matrix X as the observation variables 
and the columns as the wavelength variables.  The spectra data set X was centered by 
subtracting the mean value from each row and thereafter PCA was applied to the 
observation variables. We found that the first 7 principle components (PCs) can explain 
95.8% of the total variance of the observation variables. Consequently, the whitened 
spectral data set Z7 × 1500 and the whitening matrix V7 × 26 were obtained through Equation 
4-15 based on the first 7 principle components (PCs). Thus we can iteratively solve the 
independent components according to Equation 4-17 to minimize the objective function 
Equation 4-20, by using the FastICA algorithm. We obtained only 6 independent 
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According to the AGN unified model (Antonucci 1985), an obscured AGN should 
have narrow emission lines in the optical that emanate from the narrow-line generating 
region in the outside of the torus. Source 11 had been misclassified as a normal galaxy 
because the narrow emission lines are not obvious in its optical spectrum. However, the 
optical spectrum in another observation with Faint Object Camera And Spectrograph 
(FOCAS) demonstrated the narrow OIII and Hα+ lines via subtracting the host galaxy 
continuum from the original observed spectrum. (Severgnini et al. 2003).  These narrow 
OIII and Hα+ emission lines exhibit the AGN features of source 11 in optical band. 
We fit the X-ray spectrum of source 11 using a three-component model: an 
intrinsically absorbed power law, an unabsorbed power law (model the soft excess), and 
Fekα emission line. The model is expressed in XSPEC as 
wabs(zwabs*zpowerlaw+zpowerlaw+zgauss). The model represents a physical situation 
in the X-ray photons are emitted directly from the AGN with absorbing torus (APL), and 
indirectly via scattering by the warm and highly photon-ionized gas outside the torus 
(PL). We constrained the photon index at 2.0 in the second power-law component (Figure 
7-8), which is a good estimation under this circumstance. The resulting implied source X-
ray luminosity L2-10 keV  > 1042 erg/s (see Table 7-3) is within the typical X-ray luminosity 
range for an AGN source. The X-ray-to-optical-flux ratio we obtained is at the low end of 
the range typical of luminous AGN ( -1 < log(F2-10 keV/Fopti) <1), and is consistent with 
the result of Severgnini et al. (2003) as well.  The large column density value of the 
intervening absorber (NH ~ 2.1 x 1023 cm-2) in Table 7-2 also implies source 11 is an 
obscured AGN. Meanwhile, the equivalent width ( EWFe-kα ~ 381 eV  ) of Fekα line 
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26 are clustered into class 1; sources 5,13,14,15,18,19,24 and 25 belong to class 2; source 
11, V1647 Ori, and source 22 are grouped into class 3 and class 4, respectively, because 
they are far away from the other two classes and they are well separated from each other. 
Source 22, corresponding to 2E 0543.1-0008 in the Einstein archive, has potential 
emission lines at 1.6 keV and 3.6 keV (see Figure 6-3(d) and Figure 6-4(a)). Those 
sources in class 1 have a common feature that their strongest emission is located at ~1.0 
keV. Those sources with strongest emissions between 1.0 keV and 2.0 keV are grouped 
into class 2. . Both Figure 6-3(c) and Figure 6-4(a) illustrate that V1647 Ori has potential 
emission peaks at ~2.7 keV, 3 keV, 4 keV and a strong line from Fe XXV at 6.7 keV. 
The Fe XXV emission line was also apparent in the XMM EPIC spectrum of V1647 Ori 
obtained by Grosso et al (2005).  The classification results based on ICA therefore 
demonstrate that, among the selected 26 bright sources, V1647 Ori and source 22 (2E 
0543.1-0008) are likely to be two unusual sources. 
Figure 6-5 shows the classification dendrograms based on ICA, based on PCA on 
wavelength variables, based on whiten spectra which are derived from PCA on observed 
variables, and obtained directly from the original normalized spectra data set. When we 
performed PCA on wavelength variables, we kept 10 PCs, which accounts for 95% of the 
total variance of the wavelength variables. Clustering of these data results in the same 
classifications as obtained directly from the original spectra, if the number of clusters is 
fixed at four.  The only difference is that source 8, which is actually classified into one 
subgroup of class 1 when using original data, now is classified into the other subgroup of 
class 1. The members in the four clusters which are obtained from the whitened spectra or 
from the “abundance” profiles are exactly same as those obtained from the original data. 
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This confirms that the similarity measurement, Euclidian distance, between objects with 
the same dimensionality is not influenced by the rotation space. In addition, as we 
mentioned in section 3, ICA is an extension of PCA. If we choose enough principle 
components to explain enough data variance, for example, 95%, either PCA or ICA can 
achieve 100% classification accuracy as long as the number of classes is fixed at four in 
this experiment. But ICA may yield a set of interpretable ICs, while PCA may not, since 
these estimated ICs are as independent as possible and they have the same wavelength 
samples as the original spectra. The interpretation of the ICs for the V1647 Ori XMM 
data set will be the subject of a future work. 
6.4 Summary and Conclusion 
We have developed a new algorithm based on independent component analysis to 
classify the sources in an XMM-Newton observation of a star cluster that includes the 
rapidly accreting young star V1647 Ori. A batch processing program based on SAS6.5 
routines was implemented for extracting the entire set of imaging spectra from XMM 
EPIC X-ray event data. During the spectra extraction procedure, a cleaning process to 
avoid the spectral contamination contributed by the nearby sources was performed. 
Finally, a set of 26 bright spectra that are more than 200 photon counts was collected 
from PN camera and used as our sample data. 
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(a) (b) 
(c) (d) 
Figure 6-3. Examples of original spectra (solid line) and the corresponding 
reconstructed spectra (dotted line) obtained from the independent components. (a) 
Source 1 (a typical spectrum of class 1). (b) Source 14 (a typical spectrum of class 2). 
(c) Source 11, V1647 Ori (a typical spectrum of class 3). (d) Source 22 (a typical 
spectrum of class 4). 
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(a) (b) 
Figure 6-4. (a) Top view of original normalized spectral data set. (b) Classification 
results based on the “abundance” profile of each spectrum.  
 
Both PCA and ICA have been demonstrated as efficient ways to dramatically reduce 
the data dimensionality so as to reduce the computation cost for similarity measurements 
in hierarchical clustering analysis. A new multivariate statistical method based on ICA is 
introduced to classify the X-ray sources using lower dimensional “abundance” profiles 
instead of the original high dimensional spectral data. By comparing the clustering results 
obtained through PCA and ICA with that obtained directly from the original data, we 
found that classification accuracies can be maintained when enough components are 
retained. In addition, the ICs may be interpretable, while PCs may not be as amenable to 
interpretation.  
Four classes of sources, containing two single-member classes and two larger classes, 
were found via hierarchically clustering algorithm with average linkage. We find that 
V1647 Ori, a single-member class, is a spectrally distinct bright source in the field of 
view of the XMM-Newton EPIC observation. Source 22 (2E 0543.1-0008) is another 
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single-member class; this source displays possible emission lines at 1.6 keV and 3.6 keV 
and has no counterparts in other wavelength regimes. 
(a) (b) 
(c) (d) 
Figure 6-5. Classification dendrograms. (a) Clustering based on original spectra. (b) 
Clustering based on PCA applied to wavelength variables. (c) Clustering based on 
PCA applied to observation variables. (d) Clustering based on ICA. Note: the thick 
solid line in each plot represents the depth at which the clusters are defined. 
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Chapter 7                                          
Application II: Subaru/XMM-Newton 
Deep Survey  
Deep surveys of extragalactic objects are powerful and successful tools of modern 
astronomy to understand the early universe facilitating investigations of the formation 
and evolution of galaxies, galaxy clusters, super-massive black holes, etc. Since distant 
fainter objects are the major components of the cosmic background, the multi-wavelength 
deep surveys of those distant fainter sources are very important to unveil the earlier 
epochs of the universe.  Surveying galaxies over a large extent overcomes the field to 
field variance that characterizes deep pencil-beam surveys, and thus can more truthfully 
reflect the distribution of galaxies and cosmic background.   
In 2002, the European Space Agency (ESA) and the National Astronomical 
Observatory of Japan (NROJ) jointly started the Subaru/XMM-Newton Deep Survey to 
obtain multi-wavelength data from deep, large-extent and sensitive X-ray imaging with 
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the XMM-Newton telescope, and optical imaging with the Subaru telescope, within a 1.3 
square degree region (Sekiguchi et al. 2004, 2007). So far, the SXDS is the second-
largest survey, covering 4104 square arc-minute solid angle (Brandt et al. 2005). The 
current largest survey is the Cosmological Evolution Survey (COSMOS) which covers 2-
square-degree-equatorial field. Subaru telescope, located at the summit of Mauna Kea, 
Hawaii, is an 8.2 meter optical-infrared telescope operated by NROJ. The target field of 
the SXDS is centered at 02h18m (right ascension), 05d00m(declination).  
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Figure 7-1.  Illustration of a failure of classification based purely on hardness ratio. 
Left panel is a simplest sample of hardness ratio. The vertical dash line defines the 
hard energy band (HEB) and soft energy band (SEB).  Hardness ratio = HEB/SEB. 
Right panel: color-color diagram of HEB vs. SEB. The two spectra shown in left 
panel are merged into one point in the right panel.  It indicates these two spectra 
can not be resolved by the classification algorithm based on hardness ratio. 
 
The recent investigations from deep pencil-beam X-ray sky surveys with ROSAT 
(Hasinger et al. 1998), Chandra (e.g. Brandt et al. 2001; Cowie et al 2002) and XMM-
Newton (Hasinger et al. 2001), evidently show that Active Galactic Nuclei (AGN) are 
major contribution to the cosmic X-ray background from 0.5 to 10 keV.  Most AGN have 
been shown by recent research to be ‘obscured’, i.e. the core of active galaxy lies behind 
a ‘torus’ filled with cold gas or dusts and the emission from the nucleus is absorbed or 
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partly absorbed by these materials with large column density, NH (Turner et al. 1989; 
Awaki et al. 1991).   
By virtue of the high sensitivity of XMM-Newton onboard instruments, ~1000 X-ray 
sources have been detected in the SXDS field by the SXDS team (Ueda et al. 2005, in 
preparation). Most of these sources are likely high-redshift, obscured AGN. Since the X-
rays collected by the XMM-Newton actually are emitted ~108-9 years ago from the high-
redshift galaxies, the X-ray spectral comparison between remote and nearby galaxies may 
demonstrate the evolution of galaxies and their resident nucleus. 
Many X-ray sources detected by the XMM-Newton observations in the SXDS have 
enough X-ray counts to form high quality EPIC imaging spectra for detailed X-ray 
spectral analysis. The classification results from independent component analysis (ICA) 
on the XMM EPIC spectrum of X-ray sources, mainly AGN in this field, can illustrate 
their spectral ‘color’ distribution as a function of the dominant spectral peaks. Unlike 
classic spectral classification approaches based on hardness ratio, which greatly sacrifice 
spectral and hence classification resolution (Figure 7-1), new classification techniques 
based on ICA have the potential not only to improve the higher classification accuracy 
but also to maintain the original spectral resolution. Figure 7-1 shows a case where the 
classification based on hardness ratio fails. The spectral classification with a higher 
fidelity to the original resolution can thus improve the determination of the column 
density (NH) distribution, a primary factor of X-ray background modeling.  
In addition, with the original high resolution spectra, Seyfert galaxies which appear 
as normal galaxies in optical observations can perhaps be separated (section 7.4). Seyfert 
galaxies are kind of AGN with quiet radio emission and have two subcategories: Type 1 
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and Type 2. Type 1 Seyfert galaxies have both broad emission lines and narrow emission 
lines, while type 2 Seyfert galaxies only have narrow emission lines. Base on the AGN 
unified model (Antonucci 1985), the broad emission lines of AGN are formed near the 
massive black hole, while narrow lines are formed in the hot gas near the nucleus. Strong 
X-ray and UV emission is typical for Type 1 Seyfert galaxies. 
The Subaru optical observations of the fainter sources could help to identify the 
redshift, luminosity and type of AGN (Richmond et al. 2005). In addition, radio 
observation data are adding into the SXDS database to provide information on powerful 
quasars, the very bright AGN with high redshift. The survey data from the other 
wavelength bands (ultraviolet, infrared and sub-millimeter) also are or will be added into 
this survey as well. 
7.1 X-ray Data Reduction 
The XMM-Newton observations in the SXDS consist of seven images with a double 
exposure time (100 ks) for the central field and a single exposure time (50 ks) for each of 
adjacent fields, by which a depth ~10-15 erg/cm2 /s in hard X-rays is achieved7. Three 
EPIC cameras, MOS-1, MOS-2 and pn, were operated with “Thin1” optical blocking 
filters in “Prime Full Window” mode, which covers the full field-of-view (FOV) of 30' 
diameter for each image. In this chapter, we are only interested in the central field with 
the longer exposure time (shown in Figure 7-2). The other six fields will be investigated 
in future research. 
                                                 
7 http://subarutelescope.org/Science/SubaruProject/SDS/scijust_xray.html 
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We have developed an automated process, based on the latest version of SAS 
package (V7.0.0), to generate EPIC X-ray spectra for each detected source in XMM-
Newton observations. Since the whole observation for the SXDS central field is 
composed of two separate observations, the emchain and epchain were employed to 
calibrate each raw Observation Data File respectively. ‘Clean’ event lists were then 
generated in this step via rejecting bad pixels, columns and events close to chip. Good 
Time Intervals for each instrument in each observation were selected by rejecting the 
high energy particle time from its light curve, which is formed by plotting the events with 
single pattern above 10 keV vs. the observation time with 100 second per time interval. 
We chose 0.75 counts/s for PN and 0.25 counts/s for MOS as the respective thresholds to 
filter the event data files, with regard to the respective median count rate of 0.43 
counts/sec for PN and 0.08 counts/sec for MOS-1 & MOS-2. The task merge was used to 
combine the two GTI-filtered event files for each instrument together. The sums of the 
resulting GTI are 82 ksec for PN, 95.7 ksec for MOS-1 and 96.4 ksec for MOS-2. Figure 
7-3 shows a pseudo-color coded mosaic image with the 0.5—2 keV (red), 2—4.5 keV 
(green) and 4.5—7.5 keV (blue) bands using all three instruments. As a consequence of 
the higher S/N ratio of EPIC spectra extracted from PN CCD (because PN CCD collects 
X-ray photons approximately twice the rate as MOS CCDs, see Chapter 2 for details), we 
are only interested in PN instrument hereafter. 
Five images covering the energy bands, 0.2—0.5 keV, 0.5—2 keV, 2—4.5 keV, 
4.5—7.5 keV and 7.5—12 keV were created for the purpose of source detection. 
Subsequently, the task edetect_chain was applied, with maximum likelihood threshold set 
to 10 (~3.3σ) to find the source positions in the five energy-resolved images. A total of 
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120 point-like X-ray sources have been detected in the central field. The source and 
background region are defined as annuli with adjusted inner and outer radii, which are 
determined by the source S/N ratio and off-axis angle. The spectral extraction region of 
each source was reduced by the task region in order to avoid the possible overlapping 
from nearby sources.  However, there are still some overlapping regions if two sources 
are very close to each other. We have developed a more sophisticated process based on 
SAS tasks, perl and C-shell scripts to overcome such issue by excluding the 
‘contaminated’ area from the adjacent sources. Then the source spectra and the 
background spectra have been extracted from the merged event lists using these ‘cleaned’ 
extraction regions. The spectral calibration matrix, Ancillary Response File for each 
source was created as well by the task arfgen. To avoid the huge time consuming to 
generate Redistribution Matrix File for each source, the prefabricated RMF provided by 
XMM scientist team has been used directly. The extraction areas for each source and its 
background spectrum were then updated by the task backscale.  
7.2 Spectral Classification 
We chose 50 sources which contain more than 150 net counts as the dataset for the 
classification purpose, to optimize the statistics. The net spectrum for each source can be 
obtained by applying Equation 3-1 and Equation 3-2. Bins with negative counts in each 
net spectrum due to background subtraction in low-signal spectral regions were set to a 
very small positive constant so as to reduce their effects on the classification results. We 
regrouped each spectrum with at least 16 counts per spectral bin to preserve a minimum 
S/N ratio of ~4. Due to the varied energy bins among the binned spectra, we then 
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uniformly resampled these spectra onto a grid with the same number of energy bins as the 
one which has the best energy resolution. Then we clipped each spectrum to 0.5—8.0 
keV as our spectral energy range of interest. The final energy resolution is ~60 eV per 
energy bin.  
Since the choice of spectral normalization methods affects the classification results 
(Mu et al. 2005), in the present case we normalized the amplitude of each spectrum to [0, 
1] by its maximum value. The normalized EPIC spectra are shown in Figure 7-4. The 
positions of the maximum peaks of spectra have stronger impact on the classification 
results. 
The clipped and normalized spectra form the mixed signal matrix X50 × M in Eq.4.14, 
in which rows are mixture spectra and columns are wavelength. We first applied PCA to 
the observation variables of X so as to transform the signals into a principle component 
space, formed by the first 5 principle components (PCs). These five PCs explain 97% of 
the total variance of the observation variables. We then found the independent 
components using the FastICA algorithm, and the reduced dimensionality profile A50 × 5 
as well.  The independent components are plotted in Figure 7-5.We can hence classify the 
lower dimensional profile instead of classifying the original higher dimensional spectra in 
order to save computing cost (Mu et al. 2006 & 2007)). 
The agglomerative hierarchical clustering algorithm with average linkage was 
applied to the light profiles to classify the X-ray sources in this field. We chose the ‘city 
block’ distance to measure the similarity between each pair of spectral profiles because 
the independent space is not orthogonal.  
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Figure 7-2.  The central field in the SXDS. Top panel: PN image of XMM-Newton 
observation superimposed with the EPIC spectral extraction regions for 50 detected 
bright X-ray sources.  Bottom panel: the optical i-band Subaru SuprimeCam image 
labeled with the positions of the same 50 detected X-ray bright sources. 
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Figure 7-3. The pseudo-color coded mosaic image of the central field in the SXDS 
constructed from images obtained with all three EPIC instruments.  Red: 0.5—2 
keV; Green: 2--4.5 keV; Blue: 4.5—7.5 keV. 
 
  
Figure 7-4. EPIC spectra of 50 bright X-ray sources.  Left: a plot of all normalized 
EPIC spectra. Right panel: a stacked top view of the normalized EPIC spectra. 
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Figure 7-5.  The solved independent components. IC4 and IC5 have similar shape as 
source 11 and 16. 
 
The classification results are shown in Figure 7-6. Sources 11, 16, 35, 41, 42, 48 and 
49 are readily distinguished from the other, softer X-ray sources. Due to the dominant 
hard components and their unusual features in their spectra, source 11 and source 16 are 
separated into individual classes (class 2 and class 3, respectively).  Sources 35, 41, 42, 
48 and 49 are assigned to class 4, because their maximum spectral peaks are located 
between 1 keV and 2 keV. The other sources are lumped into a single class 1 because of 
their very ‘soft’ spectra (the position of their spectral peaks is below 1 keV). These ‘soft’ 
sources are either the intrinsically soft sources (i.e. evolved stars or galaxies), or are high-
energy sources but at high redshift. Class 1 could also be further subdivided into finer 
categories, dependent on the specific requirement.  
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Figure 7-6. The classification results.  Top left panel: classification results in 
independent component space. Top right panel: classification result in principle 
component space.  The four bottom panels are the corresponding classes 1—4, 
obtained using independent component analysis. Source 11 forms the single member 
class 2 and source 16 forms the single member class 3, respectively. 
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7.3 Source Spatial Cross-Correlation: X-ray vs. Optical 
Positions 
#a RA_XMMb DEC_XMMb Candidatec Candidate Coordinate
c 
(J2000.0) 
Distanced 
(arcsec) Mscore
e Cscoref 
11 2h18m22.2s -5d06m13.8s 02182216-0506141(2MASS) 2h18m22.16s -5d06m14.1s 0.80 0 0 
16 2h17m53.4s -4d55m41.0s 116227(Subaru) 2h17m53.5s -4d55m41.6s 0.64 0 0 
35 2h17m03.3s -4d55m34.6s 114939(Subaru) 2h17m3.4s  -4d55m33.9s 1.18 0 0 
41 2h18m37.7s -4d58m51.2s 97844(Subaru) 2h18m37.7s -4d58m50.6s 0.77 0 0 
42 2h18m25.7s -4d59m44.7s      
48 2h17m59.0s -4d55m51.8s 114965(Subaru) 2h17m59.1s -4d55m52.2s 1.09 0 0 
49 2h18m07.4s -5d03m15.8s 69350(Subaru) 2h18m07.4s -5d03m17.2s 1.47 10 0 
Table 7-1.  X-ray sources in class 2--4 and their candidates in the 2MASS, SIMBAD 
and SXDS Subaru catalogues. a The detected X-ray source number shown in Figure 
7-1.  b Coordinates of X-ray sources in J2000.  c The counterparts of X-ray sources 
and their locations from the 2MASS, SXDS and Subaru catalogues. d The angular 
displacement between each X-ray source and its corresponding candidate. e The 
overall morphological score within the range of [0, 10], in which ‘0’ indicates the 
optical source is less star-like while ‘10’ indicates a star-like source.  f  A color 
measure of an optical source, which ranges from 0 (less star-like) to 1 (star-like) 
(Richmond et al. 2005). 
 
The astrometrical position of each detected X-ray point-like source has been 
calibrated by correlating them with the optical sources in the SXDS optical catalogue 
(provided by M. Richmond and T. Morokuma), using the SAS task eposcorr. A 
maximum likelihood algorithm has been employed in such task to optimize the offsets 
between X-ray and optical sources (see Brusa et al. 2005 and Cappelluti et al. 2007 for 
more details). The resulting shift (∆α = -0.528"; ∆δ = 0.528") has been applied to correct 
all X-ray source positions.  
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(a) (b) (c) (d) 
(e) (f) (g) 
 
Figure 7-7. The optical i-band Subaru SuprimeCam images for several unusual X-
ray sources in the central field of the SXDS. (a) source 11; (b) source 16; (c) source 
35; (d) source 41; (e) source 42; (f) source 48 and (g) source 49.  X-ray source 
positions are plotted as green circles with 1.5" radius superimposed on the optical 
images. The size of each image is 10"x 10".  The images have been enhanced by the 
histogram-equalization method to increase the visibility of faint sources. 
 
The corrected X-ray source positions have been used to identify their nearest optical 
counterparts in this field by correlating them with the already identified object positions 
in the SXDS Subaru optical catalogue, the SIMBAD (the Set of Identifications, 
Measurements, and Bibliography for Astronomical Data) catalogue and 2MASS (Two 
Micron All-Sky Survey) optical& infrared catalogue. Since the pixel size of the p\ PN 
detector in XMM-Newton telescope is ~4.1" while the optical and infrared detectors have 
much finer resolution (e.g., the pixel size of Subaru SuprimeCam is 0.2"), and the Subaru 
PSF is much smaller than that of XMM (~0.6" FWHM vs. ~6" FWHM), it is very likely 
that one X-ray source has many candidates in these optical and infrared catalogues.  
Therefore, candidates which have angular displacements larger than 1.5" from the 
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corrected X-ray source positions have been discarded, to reduce potential redundancies 
and/or misidentifications. In the case of multiple candidates within 1.5" corresponding to 
a single X-ray source, the nearest one is selected. The results are listed in Appendix C. 
We selected the seven X-ray sources in classes 2, 3 and 4 from Appendix C and 
listed them in Table 7-1. The Subaru SuprimeCam i-band images for selected candidates 
are displayed in Figure 7-7. The X-ray source positions are overlaid on the images as 
green circles with radius 1.5". Figure 7-7 and Table 7-1 show that sources 11, 16, 35, 41 
and 48 have obvious counterparts in optical observations.  The morphological scores and 
color scores of their counterparts strongly suggest these sources are galaxies. Indeed, the 
morphological shape of source 48 shown in Figure 7-7 (f) implies it is a spiral galaxy.  
However, there are no counterparts located within 1.5" from source 42, as shown in Table 
7-1 and Figure 7-7 (e). The X-ray photons could be emitted from its neighbors (>1.5"), or 
the optical counterpart could be too faint to be detected by Subaru SuprimCam detector. 
The morphological score of source 49 indicates that it is a star-like source, while its color 
score indicates the converse. It therefore could be a galaxy.  
7.4 Spectral Fitting and Analysis 
To better ascertain the physical nature of the X-ray sources, we attempted to fit the 
selected spectra with different modeling under various assumptions for source emission 
mechanism. In order to use the spectral model fitting software XSPEC (V12.3.0), we 
rebinned the original EPIC PN spectra of sources with task GRPPHA in HEASARC 
package, so as to obtain at least 16 counts per spectral bin and thereby maintain good 
statistic in spectral fitting (See Appendix B). In this case, we considered 11, 16, 35, 41, 
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42, 48 and 49 as our particular interests for the spectral analysis. We ignored the counts 
below 0.4 keV and above 10.0 keV in these spectra. For those spectra below 50 counts, 
the Cash statistic (Cash 1979) is more appropriate than χ2 statistic, as the fitting criterion. 
However, these statistics are equivalent when fitting those spectra with greater than 50 
counts (Tozzi et al. 2006). Since source 49 has less than 50 net counts in its EPIC 
spectrum, the Cash statistic has been applied. For the other 6 sources, χ2 statistic is 
implemented to obtain the fitting results.  
# Counts
a 
[0.5-10keV] Model
b NH
Gal 
[1022 cm-2] Γ
c NH
d
 
[1022 cm-2] Γ
e χ2/d.o.f f EFe-kα
g 
[keV] 
EWFe-kαh 
[ev] 
11 430±24 APL+PL+Gauss 0.025 2.02±0.54 20.68±4.6 2 24.98/28 6.31±0.07 380 
 
# Counts
a 
[0.5-10keV] Model
b NH
Gal 
[1022 cm-2] Γ
c NH
d
 
[1022 cm-2] χ
2/d.o.f f 
16 302±20 APL (0.5 – 8.0 keV) 0.025 1.41±0.3 3.85±1.01 16.24/20 
35 153±17 APL (0.4 – 8.0 keV) 0.025 1.43±0.35 1.01±0.53 6.10/14 
41 96±12 APL (0.5 –10.0 keV) 0.025 2.47±0.55 6.61±2.7 4.92/6 
42 96±13 APL (0.5 – 8.0 keV) 0.025 1.42±0.48 4.24±2.72 5.62/6 
48 76±11 PL (0.5 – 10.0 keV) 0.025 1.00±0.22 - 2.14/5 
49 46±9 PL (0.5 – 10.0 keV) 0.025 2.06±0.44 - 2.84/3i 
Table 7-2. Spectral fitting results of unusual sources in the central field of the SXDS. 
a  Net pn counts in 0.5--10 keV band. b The best fit model. ‘Gauss’ is the Gaussian 
spectral line with redshift. The model-fit energy range of source 11 is 0.5-10 keV and 
the model-fit energy ranges for the others are listed following the model. c Photon 
index of the absorbed power law. d Intrinsic absorption.  e Photon index of the 
power law to model the photon-ionized gas. f Degree of freedom. g Cold iron 6.4 keV 
emission line. h Equivalent width of Iron Kα line.  i Cash statistic. 
 
As described in Chapter 1, the continuous spectrum with emission lines from hot gas 
is usually characterized by the ‘Thermal Bremsstrahlung’ model (i.e., Raymond-smith).  
Normal galaxies, most stars, interstellar medium could be described using thermal model. 
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The synchrotron radiation from supermassive black hole in AGN produces non-thermal 
emission spectrum, often modeled by power law. The presence of Fekα line generally is a 
signature of Compton scattering in AGN, and the equivalent width of this line determines 
the thickness of Compton scattering (Bassani et al 1999) 
 
# Za R
b 
(mag) 
F2-10 keV c 
(10-15erg/cm2/s) 
Log(F2-10 keV/Fopti)d 
 
L2-10 keV e 
(1042 erg/s) 
11 0.044 14.8 149.0 -1.44 1.65 
16 0.25g 21.0 f 53.0 0.59 13.16 
35 0.5g 24.9 f 41.3 2.03 30.00 
41 1.406 26.9 f 7.7 2.11 156.59 
42h 1.132  11.6  69.98 
48 0.3g 26.1 f 9.0 1.86 2.03 
49 2.5g 23.6 f 1.8 0.14 87.87 
Table 7-3. Flux and luminosities of unusual sources in the central field of the SXDS. 
a Redshift value. b Magnitude of Cousin R band.  c X-ray flux in 2--10 keV band.  d 
Optical flux in Cousin R band. e unabsorbed X-ray luminosity in 2-10 keV band.  f 
From the SXDS V1.0  catalogue (provide by T. Morokuma and M. Richmond). g 
Assuming redshift values according to the color-color diagram in Figure 10 from 
(Simpson et al. 2006).  h There is no optical counterparts located nearby source 42 
within a circle of 1.5" radius. 
 
We first fit the pn spectrum of each unusual source using simple power law (PL) and 
intrinsically absorbed power law (APL) with the redshift of each source. For all spectral 
fitting, H0 = 70 km/s/Mpc, Ωm = 0 and ΩΛ = 0.7 are assumed. We also applied a thermal 
plasma (Ramond-Smith) model, but the derived temperatures are unphysical. To decide if 
intrinsic absorption should be added into the fitting model, an F-test with a confidence 
level of 90% was performed. We fixed the Galactic hydrogen column density (NHGal) at 
2.5 x 1020 cm-2 (Dickey & Lockman 1990), which is an average value of NHGal in this 
direction, during the fitting. The model fitting results are listed in Table 7-2. 
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According to the AGN unified model (Antonucci 1985), an obscured AGN should 
have narrow emission lines in the optical that emanate from the narrow-line generating 
region in the outside of the torus. Source 11 had been misclassified as a normal galaxy 
because the narrow emission lines are not obvious in its optical spectrum. However, the 
optical spectrum in another observation with Faint Object Camera And Spectrograph 
(FOCAS) demonstrated the narrow OIII and Hα+ lines via subtracting the host galaxy 
continuum from the original observed spectrum. (Severgnini et al. 2003).  These narrow 
OIII and Hα+ emission lines exhibit the AGN features of source 11 in optical band. 
We fit the X-ray spectrum of source 11 using a three-component model: an 
intrinsically absorbed power law, an unabsorbed power law (model the soft excess), and 
Fekα emission line. The model is expressed in XSPEC as 
wabs(zwabs*zpowerlaw+zpowerlaw+zgauss). The model represents a physical situation 
in the X-ray photons are emitted directly from the AGN with absorbing torus (APL), and 
indirectly via scattering by the warm and highly photon-ionized gas outside the torus 
(PL). We constrained the photon index at 2.0 in the second power-law component (Figure 
7-8), which is a good estimation under this circumstance. The resulting implied source X-
ray luminosity L2-10 keV  > 1042 erg/s (see Table 7-3) is within the typical X-ray luminosity 
range for an AGN source. The X-ray-to-optical-flux ratio we obtained is at the low end of 
the range typical of luminous AGN ( -1 < log(F2-10 keV/Fopti) <1), and is consistent with 
the result of Severgnini et al. (2003) as well.  The large column density value of the 
intervening absorber (NH ~ 2.1 x 1023 cm-2) in Table 7-2 also implies source 11 is an 
obscured AGN. Meanwhile, the equivalent width ( EWFe-kα ~ 381 eV  ) of Fekα line 
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shown in Figure 7-8 is a typical value of Compton-thin AGN (Bassani et al 1999).  We 
therefore conclude that source 11 is an obscured and Compton-thin AGN. 
 
Figure 7-8. X-ray spectral fitting of source 11 in the central field of the SXDS 
overlaid with best fit model, consisting of an absorbed power-law plus an 
unabsorbed power law (to model the soft excess). 
The redshift values of sources 16, 35, 48 and 49, which we used in the spectral fitting, 
were estimated by Dr. M. Richmond based on an optical color-color diagram (Figure 10 
in Simpson et al. 2006).  Both sources 41 and 42 have been identified as radio sources at 
z = 1.406 and 1.132 respectively, by VLA (Very Large Array) radio observations. Table 
7-2 and Figure 7-9 show that the best model for sources 16, 35, 41 and 42 (net counts 
>~100) is an absorbed power law. The unabsorbed luminosities of these sources are 
larger than 1042 erg/s. Meanwhile, these four sources have intrinsic absorptions with 
implied column density NH > 1022 cm-2. This indicates that they are highly obscured by 
absorbing materials. The fitted photon index values are also close to the typical value of 
AGN (see Mainieri et al. 2006 for the statistical values). 
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Figure 7-9.  X-ray spectral fitting of the unusual sources in the central field of SXDS.  
Source 35—42: absorbed power-law. Source 48 and 49: unabsorbed power-law. 
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The X-ray-to-optical flux ratio is an important criterion to determine if an X-ray is 
AGN (e.g., Stock et al. 1991).  Most AGN have X-ray-to-optical flux ratio in the range of 
-1 < log(F2-10 keV/Fopti) < 1 (e.g., Akiyama et al. 2000; Lehmann et al. 2001). However, it 
has been shown in recent X-ray surveys (e.g., Fabian et al 2000,;Mainieri et al 2002 & 
2005; etc), that some identified AGN have log(F2-10 keV/Fopti) > 1 and many of them are 
obscured.  In the case of source 35 and 41, we therefore think that their X-ray-to-optical 
flux ratios are still reasonable for AGN although their log(F2-10 keV/Fopti) > 1.  As a 
consequence, we deduce that sources 16, 35, 41 and 42 are obscured AGN, and that 
sources 41 and 42 are obscured Quasars in light of their high redshift values. 
One concern is that source 42 does not have corresponding optical counterparts 
located within 1.5" (Figure 7-7). There could be two reasons: 1) Since the on-axis 
resolution of PN detector in XMM-Newton is 4.1"/pixel and its PSF has a FWHM of ~6", 
which is much coarser than the resolution of large optical or infrared telescopes (e.g. 
Subaru’s on-axis resolution is 0.2"/pixel and its PSF has FWHM of 0.6"), it is very 
possible that one detected X-ray source corresponds to multiple optical sources, which 
have distance to the detected X-ray source more than 1.5" but less than 3" (half of 
FWHM PSF of PN detector); 2) Source 42 is an X-ray-bright but optically faint source if 
we assume its X-ray position is correct. To obtain more accurate position for source 42, 
further X-ray observations with Chandra (0.5"/pixel) are required.  
Because source 48 and 49 are too faint (< 100 counts in the range of 0.5—10 keV) to 
attempt complex spectral models, a simple power law should be appropriate in these 
cases. Source 48 is a spiral galaxy according to its morphological shape. Its luminosity 
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and X-ray-to-optical flux ratio (Table 7-3) suggests it is an AGN, despite of its small 
photon index leading to a flat continuum slope (Table 7-2 and Figure 7-9). A beamed 
component from the inner regions of a relativistic jet of a broad line radio galaxy 
potentially results in such a flat X-ray continuum slope (See Sambruna et al. 1999 for 
details).  
The optical colors of source 49 (Richmond et al. 2005) suggest that it is not a star-
like source even though its morphological shape seems stellar-like (Figure 7-7). 
According to Figure 10 in Simpson et al. (2006), source 49 is either a star with very small 
redshift, or a Quasar with high redshift. Due to its very low X-ray count rate in this 
observation, we assume it is a quasar, with an estimated z ~ 2.5. A simple power law 
model with the Cash statistic should be appropriate to fit its X-ray spectrum. Indeed, the 
photon index, source X-ray luminosity, and X-ray-to-optical flux ratio we obtained 
(Table 7-3 and Table 7-2) are consistent with such an assumption.  
7.5 Conclusions 
We have applied the hierarchical clustering algorithm based on ICA to classify the 
X-ray sources in the SXDS central field. We found 120 X-ray sources in this field and 
generated their EPIC spectra. For these sources, we selected 50 bright source spectra with 
more than 150 source counts within [0.5—8.0] keV band as the classification data set. 
Among these 50 sources, we found seven unusual sources by classifying the low 
dimensional profiles of spectral data generated by ICA.  
The counterparts for most selected sources have been found by correlating them with 
Subaru, 2MASS and SIMBAD catalogues using a distance threshold of 1.5". For each of 
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the seven unusual sources, we performed spectral fitting to determine physical natures of 
the sources. The fitting results show that five brighter sources are obscured AGN, and of 
these one is a most likely a Compton thin AGN and two are quasars. Since the other two 
sources are very faint (< 100 counts), they can only be tentatively identified as AGN. One 
of them has flat X-ray continuum shape, while the other one could be a quasar based on 
its high redshift assumption. 
This application demonstrates that our approach successfully isolated the interesting 
unusual sources within a set of X-ray spectral extracted from the central field in the 
SXDS, although only a few dozen sources were involved and these unusual sources could 
have been arguably identified ‘by hand’. Our final goal is to develop an automatic 
classification technique (i.e., based purely on the spectral shape or slope) to classify (or 
find the interesting unusual sources from) the large amount of spectral data from any 
‘random’ field or from the ‘stitched’ fields.  The large spectral data set could be collected 
in parallel or series, to remove the classification bias. In addition, out approach could be 
used for isolating outliers (unusual sources) from the observation field(s), and thereby 
save a lot of time for studying several large fields at the same time. 
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Chapter 8                                                
Summary and Future Work 
8.1 Summary 
In this thesis, we presented an efficient framework to spectrally classify 
astronomical X-ray sources using multivariate statistical analysis algorithms. The X-ray 
imaging spectrum for each detected X-ray source in the XMM-Newton observations has 
been successfully extracted from the EPIC images via an automated process, which has 
been developed in C-Shell scripts based on standard astronomical software packages (e.g., 
SAS, FTOOLS and CIAO). Independent component analysis reduces the high-
dimensional spectra to lower dimensionality profiles without losing much information. 
By virtue of such lower dimensional profiles, X-ray sources can be easily classified with 
low computing cost, and visualized in 2D or 3D spaces. 
We first tested the spectral extraction techniques to obtain the EPIC spectra of a 
radio galaxy 3C303.1 from its XMM-Newton observation for the purpose of the spectral 
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fitting analysis. Then we tested the unsupervised clustering algorithms by using an 
infrared spectral data set obtained for luminous infrared stars in the Large Magellanic 
Cloud, observed by the Spitzer Space Telescope Infrared Spectrograph. The hierarchical 
clustering algorithm with average linkage of the data, in which each spectrum is scaled 
by its maximum amplitude, has been demonstrated to be an appropriate approach to 
perform spectral classification on the dataset.  
We applied the hierarchical clustering algorithm based on ICA to a deep XMM-
Newton X-ray observation of the field of the eruptive young star V1647 Ori. Our 
classification method establishes that V1647 Ori is a spectrally distinct X-ray source in 
this field. Finally, we evaluated the algorithm on a rich field of X-ray sources using the 
XMM-Newton observations of the central field of a large survey, the Subaru/XMM-
Newton deep survey, which contains a large population of high-redshift extragalactic 
sources. A small group of sources with maximum spectral peaks above 1 keV are easily 
picked out from the spectral data set. These sources appear to be associated with active 
galaxies, according to the follow-up spectral model-fitting analysis results.  
In general, these experiments confirm that our classification framework is an 
efficient X-ray imaging spectral analysis tool that gives astronomers insight into the 
fundamental physical mechanisms responsible for X-ray emission. Our classification 
framework can be applied to a wide range of the electromagnetic spectrum to enable 
efficient identification of sources of sources of particular interest for follow-up study. 
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8.2 Future work 
8.2.1 Algorithms 
In addition to the fact that the Independent Component Space (ICS) can be used 
as a classification space to group the spectral data, the independent components, which 
form the ICS, may have physical implication because they have the same dimensionality 
as the original spectra. However, the independent components solved by ICA have sign 
ambiguity; that is, the signs of the independent components could be negative (Figure 
7.5). This ambiguity prohibits the interpretation of the independent components as 
emission spectra. If we constrain the independent components and the mixing matrix to 
be positive by, for example, the non-negative matrix factorization algorithm, the sign 
ambiguity will disappear. Under such a constraint, the solved components may not be 
perfectly independent, but they are nevertheless interpretable. This would be significant, 
as it would allow the prediction of emission lines from the obtained spectra data set. 
For unsupervised classification algorithms, determining the right number of 
classes is a very interesting research topic. Usually, users choose the number of clusters 
in hierarchical clustering algorithms by inspecting the dendrogram. Another important 
and popular unsupervised classification technique, K-means algorithm, requires the pre-
defined number of classes. Recently, a new clustering algorithm, tree-dependent 
component analysis (TCA) (Bach et al 2003), has been developed that applies a tree-
structure graphic model to the independent component analysis.  A tree is a graph in 
which any two nodes are connected by at most a single edge. No edge between nodes 
means that these two random variables are mutually independent. TCA can hence find  a 
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set of clusters that are independent of each other, while the components in the same 
cluster are dependent. In such case, the difficulty of defining the number of clusters might 
be simplified. 
8.2.2 Astronomical object identification 
We found another bright X-ray source with a very hard X-ray spectrum nearby 
V1647 Ori in XMM-observation of V1647 Ori. The information from optical, infrared 
and radio observations would require further research to identify this source and verify if 
there is any physical relationship between this source and V1647 Ori. We may extend the 
similar method to all XMM & Chandra imaging spectra of young star clusters, to find the 
potential candidates with accretion outburst.  
Similarly, we also need to further explore the X-ray sources in the central field of 
the SXDS. For example, we need redshift information for the spectral model-fitting 
analysis to accurately identify the object types of these X-ray sources. If possible, adding 
Chandra observations to the SXDS survey data will improve the source position accuracy 
and further the cross-correlation accuracy with the optical & infrared catalogues. 
Moreover, extending our approach to investigate the other six neighbor fields in SXDS or 
even the other surveys could be very meaningful to reduce the bias in the results, which is 
introduced not only from the algorithm but also from narrow observation fields. 
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